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Investigating Situational Awareneee 
in Microblog Posts during Three Natural 

Disasters in the Philippines 

CELESAMAE T. VlCENTE 

Abstract 

This is an analysis of microblog posts that wore brosdcasted 
during three natunJ disasters in tho Philippines namely 
Typhoon Yolanda, Typhoon GJonda, and Typhoon Ruby. 
Atoro spooi.ical/y this research aimod to investigate tho 
major themes of topics s.nd there relevance to the study 
events and determine the percentage of oa:urre.nce of 
Situational Awareness in the microblog posts when the 
disasters tDo.k place. Techniques used in the anslysis 
include word frequency oount, tweet rele·vance analysis, K
means word clustering, and percentage calculation of 
relevant updates on Situational Awareness domlJ.llls. 

Keywords: microb]ogging; situational awareness; 
typhoon; social compuLing 
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Introduction 

Tt"'Chnolngicn l advancement. has .made it P088ible 10 h 

at:fflSS to information Lhat was not avail11ble decades ago Re 8 ~ 6Poedy 

• • b hin d • • lneva, R.,..., 

rclayin,: or inform1l1Jon \\,e sc.a.rc h an l)O&Llng or BCCessin ~I\J 

media 611:es can be as qu1ek and evadable lll many Crom Lb g SOcinJ 

user publishes an inf ormaLion (Vit?wcg, I lughes, Starbird 
8 

cndoment e 
, an PaJ 

2010). 
~n. 

One or tbc wid~y adopted ~eans of soc~ media j 8 M.icroblo . 

Tb.rough i~ r.nformallon produ.ct.lon and retrieval have beoo gging. 

rapid, repetitive. end wide spread CStarbinl PaJcn, l-Jughes & mVie m_ore 
.dered • bl • •e~tio 

201W. Researchers have coDSJ m1-cro ogging as one or the me -.b, 

communicating during e-~ergency situations such as natural disas~ 

due wits growing pervasiveness, ~platJorm accessibiH1y, and speedy 

mmmurucalion ~e_ It bas. aJ.so bee~ considered as an exceJJent source 

.of galhering on-the-ground informauon when a crisis is happening 

(Palen, And~ Mark. Sicker & Gru.nwaJd, 2010)_ 

There are a lot of microblogging websit.es Ulat are available on the 

internet such as Pm1eres4 Tumhlr~com, Oipity, PJu.r~ Flaltr, Yammer , 

and Pk?rb. One of lhe most popular is TwiU.er, which is u.sed m this 

study. It is a platform where users can view online news and 'l.16e services 

t.hat allow posting and interacting with messages which are caUed 

tweess" (Kwak, Lee, Park & 2010). Tweets caD be made publidy 

available and could give information about events such as nat.uraI 

di~n;. In part.icular, when Typhoon Yolanda 7 Typhoon Glenda, and 

Typhoon Ruby occurred.,. Twitter users broadcast.ed tweets ooncu.rrently. 

AU or Lhese l.hree were categorized as strong tropical cyclones that took 

p!at:e in }'"C&J"S 2013 and 20 l-4_ Wla.ile Typhoon. Glenda and Ruby were 

rcronied fn have high susSJ•ined winds, the strongest is Typhoon Yolanda 

that took 7 .000 Lives {Ofer Merin MD, Y-rt.shak Kreiss,Lin, Pras, & Da~ 

2014; GMA News Online, 2014).Wi.th the availability of m.icroblog 

the cxru.rrence and degree of siit.uat.wnal awareness w hjen ihese even. 

lDOk worth investigating~ More specif"ieally, t.he focus of~= 

paper 1S providing answers lD the following questions: (1) What arc ns 

major themes oft.he rrucroblog posts broadca.s~ ~hen the t,yp~~ 

Yolanda, Glenda,. and Ruby happened in the Pbdippmcs? <.2) Wha aU 

the ~t.ages of' occurr.ence of Si.1uationaJ Awareness. a7il. iD 

dam.a.ms and whether or not there i.s an inaea:sc or dechoe csfoas 

comparing t.he 3 succes&ive major typhoons? Answering ·these ~u i€311 

~--:11 b I . . . - .... ~, a;J J ( we 

wu _ e p u~ mrYesugate the l.op:ic.s tJut users of Twitwr ~'helped i.O 

derive rDaJDr the.mes Crom their and if these h.a ve 

244 



Thu AflncJa111tO Forum VoJ. XXX, N 1 c , 
0 

,# r VlCl{NTJ.~ ,JIJNI;; 2017 

;;proading sihrotiona/ ewaronC4"8. T11P. succcedin sect' . 

d.1,-c·uM what -Situntionnl Awamnosa" ia, its domnTns ; ~ill further 

during Nnturnl Dis,ud.crs. 
" •Ls importance 

SiJJU/ioMI .A ,nJ'fUIM/1 dunDI Natural DiJJutm-a 

I.Jcdny and Moistier (J 999) SilunlionRI Awareness(&\) rcferR to: 

'1Jic con~'-l:1ous dynamic reflection on the situation b 

J. l 
•ii d . . . 

an 

mdii-idua. I proviu(JS r.Jrnanue or,enf,alJon to tha situa/jon, the 

oppartunitJ' Lo mllecl not only the past, present and futuro, hut the 

pott•nt.ial features _of IJJ_e sttuation. . The dynamic reflection con"8.ins 

Jogi'cal-cooceptual, 1magina/Jve, conSCJous and unconscious components 

which ennhle individuals to develop mental models oi external events". 

In adwLion, Sartcr defines SA to be "all lrnowlodge that is 

n~ibJe and can be integrated into B coherenL pict-ure, when required Lo 

assess and cope with a situation" <Barter & Woods, J 991). Jt, is achieved 

by the contribution of information by those who are experiencing a 

stressful situation through different means, one of which is microblogging 

(Vieweg, Hughes, Starbird & Palen, 2010). 

MicrobJogged information is now considered by researchers as a 

source that can be conLribulory to enhance SA of people during safety 

critical settings. It has bcoome a mean for people to organize information 

and discuss what they are going through in catastrophes like an 

C'arthquake that has struck their community. Twitter and public forums 

l,n\
1

C helped in dispersing relevant information needed by the victims of 

these calamities and that oz-ganizing help for the areas badly hit were 

made possible wJ1ether for providing relief goods, performing search and 

rescue, or giving counsel have become more accessible resulting to actions 

quickly doneCLiu, Palen> Sutton, 1-I ughes & Vieweg, 2008). Other disaster

rrla~d-studies showed that microblogging sites were used to provide 

::iLJc m~ormation. Examples of whicl1 include the Southern <?3!ifornia 

and trcs 10 200? ~hklovski, Palen & Sutton, 2008), the Vu-girua Tech 

Vtewc orth_crn llimo1s University shootings in year 2007 and 2008 (Palen, 

and 'gh, Llu& Hughes,2009; Vieweg Palen Llu Hughes & Sutton,2008), 

o., er d • . 
' ' ' • · 

Kiudy of . isaste,relat~d microblog user pariicjpatjon menWoned in ~e 

l~nn L.1u et al. during tsunamis and hurricanes in difTerent countries 

enwnJd & p· 
. aJ .• 

~hniqu h •crce, 2000).By using social computmg an. ysis 

J..Oc1aJ m:., t cse research works showed rJiat self-organizing behavior of 

,a usrrs Produced accurate results Lhat contributed lo advances 

9Af":. _,, ·) 
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'fh,, ,, an 

. . ti offidnl communicnLions in ordor lio bring holp t,o tJto 

in orl ,ons :i~ in n<'rd (Vieweg. If ughos, SLnrbird & PnJen, 20 I 0) , Pcop)~ 

or rontn1
1

~•1 :,.udy of Vinwog ot al. hos used coding coLogorios f~r A 

tr ., o· "'h c1· l:t/\ on• 
. ., dtiring Not.urn) 1s0Rton.. • • csc co ang categories 0 

lonac l wr<11.,H b • d • re UsCt) 
t' f t nnf,s nreording lo SU toptCR un er n general one I I . 

to rJu~~, y w'-'" • I . I d . W . . n t us 
L'" haA coding cnl.egoncs t. 1at inc u o. . em1ng, Prcpn to 

coolf'Xl,,, ,,n . Fl d I I w th w· d . . . ru ry 
• 110,Jltd l.i>ClllJOn. oo J()VC' ' oa c.r, an ' V1s1b11ity Ro d 

Act l\1tl v. d r • r . , · a 

C d·•; 1~ Advice for cmcrgoncy nn ,or 1n,ormowon space Evacua•: 
;on luOJ • I • /\ • I M ' won 

I r. 61100 Volunt.ccr lnformnt.1on, n1ma anagcmont Damage 
n,orm • , . . .d ( . I I h ' or 

I Rcport.s, and Cn~1s A1 s V 1owcg, ug cs, Starbird & Prue 
nJW)' . d . • . . f n, 

2010).Thcse coding catcgoncs ore use to 1nves.,1gatc I such themes exist 

•o the iweot.s concurr<'nLly broadcasLod when typhoons Yolanda, CJontla 

~nd Ruby wrcnk havoc in the Prulippincs. ' 

The Swdy Objectives 

This study aimed to investigate the relevance of Lhc tweets about 

the three typhoons. namely Yolanda, Glenda, and Ruby, that happened in 

Lhc Philippines by investigating tho major themes of topics in every 

event, ao<l whether there is an occurrence of SA in these microblog 

datascl.B wh<'n these clisastR.rs took place. This will give us an overview of 

the deglllc of SA of people in terms of Warning, Preparatory Activity, 

Hazard Local.ion, Flood Level, Weather, Wind, Visibility, Road 

Conditions, Advice for emergency and for inform.et.ion space, ·EvacuaLlon 

Information, Volunteer Information, Animal Management, Damage or 

Injury Reports, and Crisis Aid1, when these events took place. The more 

specific study objective:; are out.Hned below: 

l. To gather information on the study events oameJy: Typhoon 

Yolanda, Typhoon Glenda, and Typhoon Ruby. 
2• To J)C.r(orm data cleaning and tagging of the Tweets in 

preparation for dataset analysis. 
3- To perform data anaJysis by using the following techniques: . 

8• Calculation of Word f'requeocies and Relevance An3IY515 

b. CJustering of Words 
c. Calcu!a Lion of Pereen tage of Si lua liooal A warcncss 
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MethodoJo,ry 

'/1Je Stud)' SwUJl,a 

,J tlN •~ 2-0 J 7 

Thf' following typhoons nro tho events that h£ivc boc .1 . 

. . r i I • I n u 8Cu In th C 

invost.,gnL.,on process o "UA rcsonrc 1. Com.municnUons made bl' 1 

d . h t • I h d. 
pu •c y on 

Twitter ur1ng t c Jmc t lllt t oso 1sastcrs took pJnco arc source r h 

d · h I • 
s ,or i o 

dotnSC'ts use Jn I n ana ys1s. 

Typhooo Yolanda 
Typhoon Yolanda or also known na Typhoon Haiyan, w08 

recorded ns one of tho strongest Lropical cyclones that took a landfall in 

November of 2013 nnd leaving at least 7,000 people dead in the 

Philippines. It siarwd to form on the 3rd of Novomber that year and 

dissipat,cd on Lhc 11 th of L.he same month. It haa been recorded to have lhc 

highcsl 10-minut.e suslained wind of 230 kilometers per hour and a I· 

minute sustained wind of 315 kilometers per hour. The devastated areas 

ore Lcytc and parts of Lhe Eastern Visayas. Storm surges were also 

recorded witJ1 waves estimated to have risen up to 15 feel bjgh leaving 

more people dead and homeless. Public Siorm Warning Signal (pSWS) 

was initially released, to 80 provinces including the capital Metro Manila, 

by the Philippine Atmospheric, Geophysical and Astronomical Services 

Administration (PAGASA) to be of the number I signal which is the 

lowest but was raised signal number 4, the highest, as the storm entered 

f.he Phi_lippine Area of Rcsponsibilily. Dcspile tbe public warnings_ that 

been !ssued by the government, Storm Surges occurred and clrum~d 

many lives and otJ1ers are still missing, especially from those Jiving ,n 

r 0088 ial areas (Ofer Mcrin, el.al, 2014). 

GIBDrill 

con'"':d Typhoon Glenda or also known as 'l'yphoon Rammasun was 

·~ ered to b 
Pb ·u • 

Arca of Res _power( ul tropical swrm l11a l en t,ered the 1 ppine 

ILr, high pons,bllJty on July 1 Qtb of 2014 unlil July 20Lh of same year. 

est 10-m· ,,.. . 
65 k:il In• 

l~r hou •nu11e sustn,oed winds were rccotded w be 1 omel,v,I 8 

P r and a 1 • 
I 

ataJ,uo,. ·minute sustained wind of 250 kilometers per iour. 

;~1>11ct the"'~~ reco_rded Lo be at a Lota/ of 195. It was the CirsL typhoon to 

S\Vs wa ... , 'PPincs 8 monihs after Typhoon Yolanda. Early on th0 

Car} s curead • 
d d 

naJ 0n, and Lhat Y raised_ Lo signal number 3, classes were susp~ 0 

110od~ ·t , Lhc pub/1c were alreadv warned for possjble landsJJdes, 

, 8 •rong • J 

,,..~ 

ra1ns and winds. EvacuaLion of residents was an,u 
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t 1 0 aJ,n'nfiS of s1nrm surgcA which wos C!Rtinutw.d Lo 1 pt•rl<)rniPd du0

10'
0

r0<~l high. Officials witJ,in tho aroas enticipotod t~ h>c 4 
ft'IN to obout • J d , r w •lvo I'. 11 r tho swrn1 wt-re o crt an woro propar1ng ,or the worst , 1-. lond,e s O • d l (G•11,4 a., O . uit.ut ,:n11 procedures WO~ one oar yon JYlfl 1v()W,'1 nhne 20JA' ' ()-\"flC\Uh,1v• ' ' V/. 

TypboonRuby 
Typhoon J{uby or also known as Typhoon 1-1.agupil formed 

oecumber 111 of 2014 and dissi_pated on the_ 12th of D~mbcr samo ycar_
0

1~ 
wns recordod tn have t.ho hi~hest l0-~1nutc _sustained winds of 216 kilomcw.rs per hour and a l ·m1nute sustamc.d W1nd of 286 kilometers pe 
hour. _It wns rcco~ed Lo have _18 fatalities. It is r~rded to he the secoo~ 
n1ost intense trop1caJ cyclone in 2014. It was cons1dered initially to be of 
the worst throat that would fall in the PhiJippincs end anticipated to 
incur damages more than that of Typhoon Yolanda. Fortunalcly, il was 
significnntly sn1aJler than the other. 

Public warnings have indicated Typhoon Ruby to be under the 
category 5 super typhoon. PSWS was at signal number 1 and 2 in lower 
parts of Luzon and Northern parts of Mjndanao. Class suspensions were 
also done early on in areas of Samar, Bili.ran, and Typhoon. Storm surge 
warnings were up to 4 meters high and residents took precautionary 
measures against this warning (GMA News Online, 2014). 

The Dat:a D88Cription, Collection, Cleaning, a:nd Tagging 

Analysis was performed on Twitter posts, that have been collected 
using Lbe Streaming Application Program InLerface(API) of Twilter, 
when the three Typhoons hit t.he PbjHppines namely: Typhoon Yolanda in 
November of 2013, Typhoon Glenda in July of 2014, and Typhoon Ruby in 
December of 2014. The daLa gathering process was done by the Social 
Computing Laboratory of lhe At..eneo de Manila University wherein they 
have dedicated computers that collected tweets between years 2013 to 
2014. They have already pre-processed the data and grouped Lhem by 
events t.hat they were and are to conduct investigation on. The dat,asct.s 
needed for this research were already stored in Microsoft Excel • Comma 
Separated Value(CSV) file format. when the researcher performed th~ 
cleaning and tagging of tweets. Dataset for each study event was s~rc 
on a separate CSV file. These CSV files cont,ained columns for the .ti~~ 
location, and the text content of the tweet. The Li.me and range of datss d 
that were included were from a week before, during, and aft.er th?r:; 
events ooourred. Geo-location information or the places where Lhc 
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. JlBLPd haw been di8rr.gorded in the anaJysie of , 

~gi ]J6h f)Jld T~gulog t"_'.ects were coJIOC1cd nnd dis .:r,h~ dat.a. Both 

~•~writ wn ID ot.ber dialects or foreign lanm,aims ding aJJ other 

pv(~~ . d •-e,- b~. 

• Dat.D ci011n1ng was one by utilizing only lert 

• d • U t.h da content of lhc 

ts and d1.sri'gBT 1ng a o er ta columns of the CSV 6,_ 0 

f a1ee . ....r0 
ed • _, , .n ,,, • 

ucs. ,. u rt.her 

,lnla de.anlltg was pcr,1 rm Jn Ocuer IA.I uJsregard an other t 

ua"" -•,.. • ,...,.1 • r. • 
Weets I.bat 

do not .mention Bny n!Ul~ in,_ormat1on to the swdy cvenl.6. A total of 

J0.70l tweets have been re~incd (or all study cvenf.s: a,297 during 

7\,phoon Yolanda. 4.336 dunng Typhoon_ Glenda, and 3,068 during 

'1),-pboon Ruby. One by o~, data tag~ng was performed by the 

_,clier in order to eategonze the tweets inlo the SA coding categori . 

Werning. Preparatory Acti~t!, llazar~ LocaLlo~ Flood l£ve1, Weathe~ 

\vmd. VJSibiliLy, Road Conditions~ Advice for emergency and information 

space, EvacUBLion fnfo':°ation, Volunteer .. lnf?rmauon, Animal 

~tanagemeni, Damage or lnJury Reports, and CrLSlS Aids as being used in 

(Vit?"-eg, Hughes, Starbin1, & Pal.en 2010). 

11JB Arulysia Tool 

Rapid Miner is a software plaflorm that has features wherein users 

can perform data preparation, machine learning, deep learning, 

predictive analytics, and text mining which is the main analysis used in 

th.is study Cflof mID1n& Klinkenberg, 2013). It is a daLa mining tooJ which 

has a graphically integrated environment. Users can perform visual 

component placement, ronnection, and dragging in it. Onre the data bas 

been puJJed in the environmenL iL can then be transformed and 

operations can then be pulled in the visual component. I-low these 

operations are implemcn Led are abst.racted from the users as operations 

are already available in a package format. Users just drag and drop 

rraLors and run the process they have designed and output based on 

1/ ,:era~ arc then _bein~ displayed (Jovic, Brkic & Bogunovi<:, 2014). 

,waiJ bl research, Rapid Miner was used to analyze data u.smg the 

used a e fea~uras in Lbe form of operators. The detailed list of operators 

and their functionaJjties are discussed in the next section. 

The 0/>era 0. 
rrs Used for the Analysis Tasks 

In f.h 
•~urrence :?~~mpt Lo quanl.ify SA of people posting tweets during ~e 

fltudy events, the succeeding iechniques were done lll 
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Rapid Mjner using the operators available in its software packa~. The detailed lists of operators thal have bee.n used and dragged int.o the visu.aJ component area are listed for each analysis task. At t.his poin!., data cleaning has already been performed and I.hat oruy relevant. tweets have been induded aod that delimiters such as punctuation marks have bee.n removed. 

. 
J. 

. . 
ll. 

Word Frequencies and Relevance Analysis - this is to count the occu.n-encc of wo.rds and rank them from the rugftest oount to the lowest. ~_s is_ p~rlonned in Ra_pid Miner by r U"St setting the data source which 1s m Comma Separated Values (CSV) format. The NominaJ Lo Text operator was ·used in order to activate tmrt mimng. The Process Document operator was then selected in onJe.r Lo set the data source. The Tokenize operator was chosen so that the documents were Sl)tit into sequence of tokens. lo order for several unwanted words to be removed and transform,ed, operatolJ"S such as Filter Stopwonls for English (remo~ common English words liked "'a·.,, "and", and etc) and lhc Filter Stopwords for Dictionnry (dro-p certain wo-rds that were not present in the dictumruy) \~ activated.. The Total Occurrences and Document Qcrurren~ of a specific word weTe extracted after running Lhe Rapid /\liner AnaJys:is of relevance of tweets with the study even~ w-~~ lh~n 
performed. 

Ward Clustering - is done to group woros acro!l"din·g to mnJOV toph"" in the datasets. Ope.rnLors used in Rapid ~11ne'f were lh<.> ~es.~ Document Operator. Data lo Documents, 'fokernZP,. flf1t"'r Stopwords (Engtish), 'l'ransfonn Cases wcrf" afs.o m.~ \n trus p~ss. OLher addiLional ope.TaLOT u..,~ WflS th<" Sf.ccm(Poni'rt wh.ic.h mapped the relatedness of the w.~nls. K·~\11
~ rru~~rui~ . • • L O ( (.o-ntt"' ln Operator wus then used to d~tc-n:rnnc the 4 maJor u,em.t'S r F~~-· the study events. This Rapid Miner o~rou>'r ~'CS K-~

3
~ clusterin~ algorit.hm thot, c111ssuies t.hr points in m dau ~-

1
?'oi .A 

• , _f. h~ s"'tia..1t~ l?I pre·set fix-ed number or clust-Oirs. lt lS ,.ucn {>CTll1iiftffl ., ~. 1 I 
- h 'd r h n ... , ""f Jt l~ !JO ad'\"'3fi(~ l c-c,ntra po1nL, or l o rentro1. 1or enc r,usiA . • . ""' . f·-ioch Lho chosen ct'·nLroids Off' being ml to be rn r &'\Iii'.,) from ~i.~. • 

• _J, ,..,.. W'3.~f. ~ntrt\~:, Dataset po,nt,.~ ore l.heo being rt.~Oti.'1 to h.~· n ~· _ ~i'~ l.- • d~• ~.nlr.\1-1-, •• and toon dassifi~1 to part of Lhttt c½ust<"r r~ ,. •• '~ttt.~ .~? for t.hc rktsf,l'~ and mkul.alin~ the d1~n~ of ti~ P'41 -:: ,,~..s~ 
f t 

.-..I 0 .. ,_l__,.f:~.,, .l.~v1- t'!Vl'C~-':Uf\'C't~l1'.- .. t ca C.ll Ott..'1 OSUt·g ~'1~"'"""-"\ll W.:>w,.OC.., - • . ,w Jlt{.:l:-f':¢°1 . f 'd . ' l, - ,,, 'l.iv••"" \.\rim: r; l nc. tf.(~r8Ll0fl~ O' r(l·nt.ro• nss,~tnenl }"'-! rJ~ln'~ l'\..o&llt'4.' 
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i5 addnc!l Uwi~ 8r\ic & &gunov~~ 2(H In t_he ~t m' 
s.iudy,. 4 cl~ ~. set fm bhe d.a.t.uet oi eacll ~MJOn. 

haw Lhe Rapidm<LRer tooJ rum liM? K-means f'iust~ring 
OJ,tetlOT is not oh[eA,ab!e, the undP-r-lying ca lcuh1t.l011S perfonoed 

hur,d on how K-means a1~nthm hPhaves. \Vonis Wtne 
~eJ'tl,d to "'IOOtOrB 1n @rder to get oc-nt.rmd.s and measur-e t.he 
J'thll\dne!S ol ot.ber W0l'ds Lo these eenLroiru,_ 

l1l af Sit.1.1a.Jirmsl Updates - serves lo QuanLif}' t;he 
of words mlevBJ.1.t to UlP GBmains i nd.icai,i,og Si,Lu1J.t.iona] 
·namely: WWamieg, Ch) Preparatory AeLivity, (d Hu..ani 

u_wunn ·WFl()()O) 1Levcl~ CWea,ther~ (QW1ncl (g)Vis.ihilit;y, 01} Ro2d 
~-oons. Ca) Anvice fur e-m~rgency and infonnntion space, 
~F.x-a~~oo l.n:fcrma..t,ion, ID Vo.tunteer ,f.nfonnat.ion, (m) Animal 
M.lmgement., W Damag-e or l,J!ljury Reports, and (o) Crisis a,i(k. 
1bie tap for sit;uaLional llJ)Qates we-re hhe on~ with lhe 

~oo w the evoo·i.s.. In LhiB partJcular st.udy .. tagging 
taL.~ on the 9tl0nis ~.tJ1 highest frequencies. 

Re&Ults and Discuuions 

f.'md md BeltwmceAIUIJ}'Sis 

Tob3c- a shows the result ol ,rord frcquenc)" analysis done on Lhe 
tits~ su-dy R7e:n1.s nantely: 1)1>hoon Yolan~ 1)l)hoon G~ and 
~-_, Ruby_ Only the Lop 20 words were enndied and ~'TI in the 

an other words were of no relevance tn Lhe study e\'JeD,ts. The 1~ M~ fol' Yo)anda l~ a.ppea-r to he precautionary in na.l.w'e and 
~i&g ad\1ices to stay safe and be updated by forocast.ed news. The 

fit~ l~ an the other hand were aJso precautionary in na~ lo 
Rlfo,, and ha\.~ al~ gi,,en infumia lion abou L dass suspension and 

~nnty referencing PAGA&\ updates.. 1nterestinglyD Ruby twect.s 9.'e'e 
1~ . d. from lb ... ~u-llona.ry in nature,. and have referenced a·~ • e 
~1al1f.Tt.-"nt of Rducation<Den•FAand infmmalion from news. Rully ',1'~ .... l- 'r 1· -"" • &ho. t.he intailion or need ol ·aut• and "re lt.AJ 10 some 
.t'i..'tt8J amas.. 1n additionl' Figure I also shows the chart of the number of 
:: for the wonts with the highest frequency. Pe«enlage rel~.aoo of 

o:>.lumn of words according lo each event was done~~ caJculat,1ng tihc 
~I number of <n:unence per ~ffld per event and dividing lihem by the 

tturnbe-r or tweets. The highest percentage of rel~ancc was found to 
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be 98.86 'lb which belongs to the data gat.hcmd dllring 'l'yph followed by Ruby which is 61.62 % nnd t,hon by Yolanda which~n Glenda, Those pcreenlJlgos suggest that. tweets gathored du.ring Glen: 38.06 %. highest number of rclovanco t.o tho situet.ion compared lo :h had the datasets. The Glendo dataset. has more relevant informat.io be 0 th.or st.udy event than t.hc Ruby dataset and t.ho least rolovant of:~ the Yolanda daLasct. The next. analysis wns done in order to furth c 18 t.hc why tho Glenda twcet.s soorod lho highest relevance in compar~~naJ~ other two study even Ls. lo the 

Table 1: Count. of Document Occurrence per Word 
,a.MMDI GLENDA-July2DJA 1, 

_ IIUIY • o.«a•r2111A . - WOID . COUNJ WORD COUNT WOIID ,; COUNt . IL 

596 ulan 982 bnvo ~yv 

102( . 
5(,6 1..--

842 tvDhoon ,, ... -· ~, ... 
587 alam IQ weather 574 affected us m~ 106 signal 481 wat~n~k 113 lsalnil 45 typhoon 403 pqna 101 ~~··· 44 labs 281 deped 

MW$ 4l safe 255 laut -- - - 6i 
35 panahon 1B5 news SJ 

malibs 
;r 

3l hani!n ulan 
·-

4( 
I 

152 
sup,",.,:_,n I '.Jj everyone 136 

-help 41 
re-'Y 35 malaus 125 nationwide 41 
:vlsayas 11 lnpt 8( victims _ 35 
safety X suspended 71 safe 37 -~lJng 2E cusses fi1 weather 35 
hope 2E pray 61 damae 
landfall 26 storm 59 donate 
updm I 25 flood 55 hansfn 

3( 

23 41 lakas 
·~ pagasa 

prayma 22 cold 48 a1d 29 
-ilert 21 home 3S relief 2ll 

TOTAl 1948 4943 
258!_ 

---
I 

- 51.~ PERECEHT AGE 3&.~ 98.86% 
•.•· .. , ' - ... - I•-• 

INOOF~I 
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Figure 1: Chart for the Number of Count for Lhe Words with Highest, Frequency 

Word Clust:e.ring 

Th0 following subsections discuss Lh<' results of the k-means 
clustering process done in Hapid Miner for each study cvcnL 
lnvC'~tigation on themes discussed by cluster in every study event wns 
donp_ lt0ralions on LhP number of clusters were experimented on before 
dcx:iding Lhat '1 clusters wilJ be used for each study event. This number of 
major themes was found to best represent the t.hem<'s cliscusscd on each 
~, u<ly cv0nt. 

Yolanda Clustering 
In TablP 2 Ahows t.he clust.ering results fo_r Typhoon Yolanda twc~ts. 

tot;il Lhcr0 wc>rc 3,297 t wcet.s relevant Lo Lh1s study event and runntng 
Lh(' k- • ·b t • • Cluster O bas .) (i moans clustering returned tho following d1stn u .aon• d 
r'1 ' 1 :l 1 \.\'l'fll.S, Cl ustor I has :1D2 l wee Ls, CJ ust<'r 2 hus 253 t.wcct.s, an 

U'-il<•r '"> h 
•> nA 39 tw0cts. 
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Table 2. Typhoon Yolanda Clustering Rosul Ls 
Cluster DnLo Point.s CounL 

o 2.013 
1 
2 
3 

TOTAL 

892 
263 
39 

a,201 

The following are the description of Lhe nature of each cluster: 

Clusta O includes tho words "alam", "bagyo", "typhoon", 
h " " " " d .. " " lo n " • " " r L " d " I k "supe.rtyp • oon , news , ren 1 , s rm , rain , swe y , an ma 8 as". 

This cluster indicates a group of peoplo t,wecting about warnings that Lho 
coming Lypboon is strong and that people should sLay in safety. 

Cluat.er 1 includes t.he words "typhoonfl, "safe", "stay', "hope", 
"safety", "strong'", ')>raying'', "counlry", and "spare". This cluster indicates 
a group of people seemingly hoping and praying that the country be 
spared from the typhoon. 

Cluster 2 includes the words "bagyo", "malakas", "paparating1', "nakakatakot", "pasok", "parating", "ramdam", "safe", "matuJoy", and 
"lumihis". This cluster shows a group of people anticipating and being 
fearful at Lhe same time about the coming typhoon. 

Cluster 8 includes lhe words "signal", "areas", "pagasa", "lcylc", 
"east.em", "weather", "southern", "landfall", "storm", "city, and "update". 
This cluster indicates a group of people tweeting updates about areas that might have been hit by Lhe typhoon. 

Typhoon Yolanda Clustering show Lhat about 79% of the t,weets were concentrated on warnings about the Typhoon as iodjcated in Cluster 
0. This is indicative that most of the tweets invoke Situat.ionaJ Awareness on t.he Warning and Preparaoory Activities domain before the study event happened. 

G~ Clustming 
Table 3 shows the clustering results for Typhoon Glenda twe~ts. In total there were 4,336 tweets relevant to this study ovent and running 

Lhn k·mcans clustering returned the following disLribut.ion: Cluster O nns 
71 tweets, Clustm 1 has 123 tweets, Cluster 2 has 3992 tweets, and 
Cluster 3 has 150 twee~. 
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l'bt· i~lwl~ all\'ll fl~"' d,~puon of 1Ju11 nnl:Un1 of c-nch rluslor: 

Cluster o ,odudt~ fJ~ ~\lnls "b1tJO'.tl"". "l}1lhoon"~ ~,,af(aau"" qi ,., 

.. ,a ). op r_ 1't J U fY'. I-• • .., f nut > 

'"\tit~~• .. 'J{l-wd~, -.utan , ,a~as •. sa~P .. • nnt. nuool<UU • This t~Ulftor 

u:Jw.t~ 11 group of P't11tle « ~w•J~ anJornuu.,on l,a~ f mm PAGASA 

.t&f l~t1Rlfffll <'f .. ~\lunu~in kl~fl('(f). 

CJuater l tfl("Jud~ t.h~ words *wnlJtnffl)nsok "'. "nationwid .., 

"' .. ,,...___.i,, ..a .,. 1· .. d • ... " "J•h· I 
O 

J 

'1i'tXd,. .. ~Jot~ . "~ , ,10~ • n n( ona"'' . u1 c us{-0r main,fy 

wpnw.n, 8 grour- 0( ~l!Jlfo say1og dml many hon1e~ wcro Jost and t.llat 

(Lnilwn as n~"'1 
CJu.s.-1 indutl~ the -,.~~n~ a.n1Tected'\ ~typhoon", "volunteorinl(, 

41nd "'1M''4l"'. 11iis dustC<r of 1·w1U.Prs cncourogcs voluntccring because 

,wn,~ haw~ atrfd{1'() by I lte typhoon and needed holp. 

'"' Clustar 3 inrludes tlte word ""bagyo". 'fhis clusle,r of people shared 

tntonMoon rbat the> (Q.-us is on I.he sJorm or "bagyo''. 

Ninct)-oI&e prrren( (9J%> of the f wcot.s during ihis sLudy event 

~45 to Cluster Q which in\'Ok~ Sjl uational Awareness on Lho Domain 

of W~her and Advice. Fun her analysis on Pcroontago dislribution per 

SA cace~ will be discussed in the succeeding sect.ion. 

Pen::eat:age al 8iJaation,u Updtt,as 

To know morn details on whelher or not twecis coniribulc w 

s.it.uational awareness., words wiL.h the highest frequency count por event 

"·ere tagged am>rdiog to lhe following cat.cgorics discussed in iho 

Analysis Tools and Operators Sectjons of t.hc Mcihodology. Grouping the 

datasets after the d11ta Lagging showed that only the following cod in~ 

categories or domains are present in aJJ of t.he study events namcly

Waroing. PrefJIJra/ory Activity, Weather, Advico, llfld Crisis Aids. T~c 

~ntagc distribution of each category in every siudy event is shown 1
~ 

Flguro 2~ Results by &tudy event in Tables tf and 6bascd on the number 0 
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.r-ins covered -6bmved that Ruby daSi.aseL returned u1e h;.,r~---• , 
~A c..1u~•(h ..... Wl il y l __ ,_ "'t,,'I~ •Or 

~- ~I! ~lll~~r•~ : _e _o· OH~H. ar.ui Glenda lar-k lW"~1:.i lruu, 
aiJ . !d updnles on Cnsl.5 Aids. llow~r. t.houg-1, then:, w~ 
ff'( ,nl iotu. . G 1. d 1 ... .., ... 4:.:1 

£t>.ber cl i,w-crLS d.unOR d!:n a ro,-.eva.nL to siw:auonal aw~ im 
00 • ~o ta Lh&t of V oJandB t1nd Ruby da~~ nonelhe~ .it. did not 
roro~ ,nocll ealegories as Lhe Ruby dala.8ct~ 
CO"~ tU 

CJ)~ 

in~ 
,-Oro" 

&lWI 

Cu.£04 
mtm 
2u.W"I 
Ulro'!\ 

O.cx:5' 

Percentage of Occurenc:e of Situati-onal Update 
Category 

_II .I. -·· Aatfa 

YOlANOA Gl.£HDA IWtn 

-Cri!Si5AJl!!s 

Figure 2. Chart. for Perctinlage of Occurrence of Si1wt.lional Upd.a.le Cat.eg,:Jry 
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Table 6: PC'reMllJlb"C' of Occurronco of Silual ionol Upcfat.o 

CnlPgt,ry P«'r l~vC'nl 

~tuational ,Updates o, VDlANDA •, Gl£NM RUBV 
-· 

Wamlna 354" 32.fm 36.~ 

Preparatory Activity 5.56% 19.64" ,.~ 
Weather 21 .. 2•" 84.66% 38.~ 

Advice S.1mi, 12fm 8.~ 

Crisis Aids 4.84" 

Table 0: Counl of \1/urd Oocurrenco Relevant to Lhc 

S11.untmnal UpdntR~ 

51lultionll ~-, On YOtANDl GLENDA RUBY 

Wimln1 1n 1640 lB11 

Preparatory ActJVlty 278 912 365 

Weather 1362 4233 1931 

AdviCE 285 640 425 

CruJsAids 242 

TotaJ 2W2 7495 4n4 

Conclusions 

NJ~ 2017 

RcsulLs show that users conLributcd more Lo situational 

awareness during tho Typhoon Glenda but has decreased during the 

0tturronCC' of Typhoon Ruby in Lcrms of number of tweets posted relevant 

Lo Lho event <sec l~igurc 2). From tho nature of tho Typhoon Glenda's 

dataset, micro bloggers hnvc become more precautionary. This might be 

attributed into seoing Lhc nftcr effects of Typhoon Yolanda. Micro 

blom,TCrs tend lo be more situationally aware in aJmost aJJ domruns or 

coding categories present dcponding upon the degree of damage that 8 

previous typhoon has brought. Data sets collected during the 'l'yp!1000 

Glr,ncJo in particular have tho highest total count of ~itua~on~! 

nwan-ness related tweets than that of tho two oLhcr typhoons suicc it ho. 
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an,er lhat. or Yolanda which WM documented lo have O la 
~r of victims and damage of pmperti~ ft@ it W1l8 rcilera!-_. rgc n\110.IJI'' • clud. . •,-1 d" • ( l.1JU on diifeeJ>l medill, in 1ng SOCJ..w me ~a SJ~. Ofer Merin., YiLshak Kreiss, 

Lin. Pras & Dagan, 2014t l?lc'.resllngly, s1ttJa.Lional_ u()Wll.es on Crisis Aid5 b.a\10 occurred onJy ~u.nn~ TyplVlOn Lluby; while during Typhoon 
\'otanda and Glen1la, Lbe ~t~ational update calegories covered were onJy Warninlt, Preparalory ActiVlty, Weathery aod Advice. Thi£ indicales Lhat 
microblogger"S he.ve ~me more i~-vo\vcd in sharing in.formal.ion un bdping out the commuruty as past. dl88s\.eTS have been experienced and 
\hmr became more aware of lhe need t.o ho inYolved in l.bis do,majn. This 
~ce of specific situa.LionaJ awareness domain may have been 
contributory into a widespread encouragement for more social media use.rs and vie"~ lo help out the affected individuals f..o copo wilh Lhe 
actual situation. Lt is also important Lo note Lbat during tbe data.set 
rolleci.ion (or Typhoon Yolanda, people aro not.. microblogging relevant 
ropics to situational awareness as much as that oft.be Lwo Typhoons, This 
.is ~ausc though they know that. a typhoon was coming, analyzing 
llnfitltered sets .showed that another political topic was trending and was 
discussed alongside the coming typhoon. 

Recommendations 

This paper can serve as baseline sLudy for all other de1ailed in1.•est.igations that. can be done in the datasets. Th.is endeavor is a 
Pn>liminary e'IIort on get~1.ing Lbe generaJ landscape of the data.~ or~ w know that further investigations can be done in bhe COJill.ext. of ~1tuational 
Awareness and its domains. [n addition, Lo (-urther validate and 
~Vestigate whether users of Twitter contribut.e to situational awareness 
in the. natural disasters that, occur in the Philippines, it is recomm~ded that a larger dal.aset maybe investigated and do a more ooarse-~ned 

and expand tb.e net.work of people who will do tho _taggin~ ~r aJ ng of tweets according w the situational u~~ates they imply. •~ tS th so good lo investigat,o tb-e ooncentration and ongi n of the tweets using 
the geo-tag feature of Twitter. In addition, although this r~arch showed e- pro~- ( - . • th l zed dat.a. 1t. should also -~ce o s1tuauooaJ awareness m e ana Y • . ' • . al · a.ndnvc~Ligat.Pd if Lhis has translated t.o aclual mit.igatJon of casu lJes 0ther mishap when t.he typhoons occurred. 
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r. l • ·h I . I ft d d d . • J ~o . nr, no d ,,n l a 
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