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ABSTRACT and morphed to include different speak@udience
This paperconsiders a subset of the computediated relationships (oné¢o-one; oneo-many; manyto-many;
communication (CMC}hat took place during the flooding knownto-known: knownto-unknown:; unknowsto-

of the Red River Valleyn the US and Canada March and  unknown), they continue to figure centrally in our evolving
April  2009. Focusing o the use of Twitter, a computermediated interactions. As more people adopt and
microblogging service, we identified mechanisms of mantain a digital presence, these ewevancing forms of
information production, distribution, and organization. The chatbased environments draw attention not only because of
Red River event resulted inrapid generatiorof Twitter the synchronous and lightweight interactions they support,
communicationsby numeroussourcesusing a variety of  but also for the new information relationships they produce
communicéions forms, including autobiographical and and the manner in wtih the media is adapted to suit
mainstream mediareporting, among others type§Ve technological constraints and social conditifhsL5].

examine the social life of microblogged information,
identifying generative, synthetic, derivative and innovative
properties that sustain the broader systemntdraction.
The landscape of Twitter is such thia¢ production of new
information is supported through derivative activities o
directing, relaying synthesizing and redistributing, and is
additionally complemented by soeiechnical innovation.
These ativities comprise selbrganization of informatian

This paper reports on a study of the use of Twitter, a
popular microblogging service, during the seasonal flood
threat period to the Red River Valley, dlen whose river
§ separates the US states of North Dakota and Minnesota in a
region that extends across the-G&nadian border into the
province of Manitoba. The research enumerates and
describes the nature of computer mediated communication
(CMC) chattingaround a significant, safetyitical event
ACM Classification Keywords . that affects a broad, populated region. Goals of the research
H.5.3 Groups & Organization Interfadégollaborative  gre twofold: First, we aim to theorize about CMsed
computing,  computesupported  cooperative  work, chat in the new age of Osocial media® or Web 2.0
Organizational deSign, K.4.1 Public POllCX Issues, K.4.2app|ications and services. Such app“cauam services
Social Issues, K.3 OrganizationallmpactdN computer  receive a great deal of popular attention and therefore are
supported collaborative work given incomplete and often zealous descriptions of their
Author Keywords role and potency. The second aim of the research is to
Compute{mediated Communication, crisis informatics’ Consider and describe featureS Of the relationship that Chat

disaster, emergency, risk communication, microblogging has to mas emergency events so that we might more
accurately predict its potential in a future where the hope is
INTRODUCTION: A FLOOD OF DATA

i N _ _ that information and communication technology (ICT) can
Microblogging is one of the most mat incarnations of

. L mitigate damage incurred by hazards.
computermediated chat. Chat applications have been ] ] ]
available since the dawn of the Internet, and have provide@®MC in the Age of “Social Media” N
casual, rapid and synchronous means for communicationComputer mediated commuwation is receiving new

As chat applications have migrated to multiple platforms attention —with  the  progression of crgsatform
applications and services collectively called Web 2.0. Just

as with previous big endser advancements, Web 2.0 and
To appear at the Computer Supported Cooperative W Osocial mediaO have produced a huge spike of interest and
Conferance, Feb 610, 2010. technoloy adoption. For example, Forrester Research
reports that in 2008, 75% of the US adults online used
Osocial toolsO compared to 56% in 207 Social media
applications and services include social networking sites
(eg., Facebook, MySpace, Friendster, Linkedin, Orkut,



BlackPlanet), map and other data mashup serviegs digital world and those on physical display during disaster
Google Maps, AlertMap, FlickrVision, Unfluenge and events are mutually reinforcing. In other words, the
microblogging services and applications, among others.  tendency to search for and provide information during a
mass emergency event complements the immediacy and

users to send short messages to people subscribed to th preadth of @C, particularly with todayOs social media

| .

streams. Microblogging services includ#aiku, PUrk, %5pabll|t|es[18].
me2DAY, among several others, including the popular The information produced under such pressing and
Twitter. Twitter use was the specific microblogging service impoverished conditions, however, is heterogeneous and
to which we scoped the investigation. scattered. It is differentially dipful, depending on
imeliness and actor relation to the event. Information that

as once accurate might later become inaccurate as time
jgoes on; spatitemporal context for accuracy matters
significantly. We do not yet know how much is deliberately
harmiul, though the presumption that much of it is
misleading (deliberately or otherwise) is incorfégtl3].

Microblogging is a form of lightweight chat that allows

Twitter allows its users to send short messages (14
characters or less) to others. Thesssagds tweetd can

be sent and retrieved through a variety of means and fron
end clients, including text messagingmeil, the web, and
other thirdparty applications, which are enabled through
TwitterOs public API. Over time some aspects of Twitter
beravior have normalized, and even incorporated into theThe recent flooding events in the Red River Valley
feature set of some engser client interfaces (an observable provided conditions for examining closely just what
instance of OrlikowskiOs technology astfucturation  microbloggingbasedinteraction might mean in a disaster
conceptualization$17]). A notable instance is the use of event. This hazardossesses seasonatent and extended
the O@0 symbol, followed by a username (ie. @johndoe) fhreat:residents are on alert for a long period of tievery

the text of a massage to direct a message to a specific usespring People of the region have accumulated knowledge
(even though the message is still public for others to see). about the signs dangers and mitigation of floods.

Each Twitter user has a profile, designated as private Ofurthermore,he severaltownshipsalong the rivemave a

public. Private profiles and the tweets sent from theserelfmonShIIO to each othgr, as theis some correlation
(though not always direct) between upstream and

acc_ounts can only be viewed by seowho have PETMISSION. * §4ynstreamconditions andlangers. And, unfortunately, in
Twitterers can choose to OfollowO other Twitterers, Wh'CI}his 2009 event, damage was extensiveome areas

means subscribing to their tweet streams. Consequently,
Twitterers have both OfollowersO who read them, and thosehe region has been the subject of much sociological
they are OfollowingO themselves. Though this followerresearchHere, we befly review some of the work that
following configuration sets up a form of narrowcasting, all arose out of the devastatid§97 floods. Wachtendof28]
publicly available tweets are also sent to a much broadeexamined how Canadian and American organizations
public stream and remain searchable and accessible byesponded to the disaster transnationally. Buckland and
anyone until space caps out on Twitter servkssone data  Rahman[4] conducted a study of how the 1997 floods
point, about 70% of tweets rsein the AugusSeptember  affected three communities in rudsllanitoba finding that
2008 time frame were publ[®]. differences in Ophysical, human and social capitalO

Collective Behavior: Mutual Reinforcement Between explained degree communigvel esilience in response.
Threat Conditions & CMC Burn [5] reported on flood riskperception, finding that

The implications of social media are significant for mass Prior flood experience influenced future flood response.
emergency events. The reasons for this go beyongsaACKGROUND: RED RIVER VALLEY FLOODING

sometimes popular presumptions that all social media

interaction leads to bigger and better forms of information. G¢graphy _

Rather, social mediaas made CMC so popular to the point FOr nearly 3000 years, the Red River Valley sat at the

that ubiquity seems inevitable; a realistic understanding of?0ttom of the enormoukake Agassiz before it drained
what role social media could or should play in human about 9200 yearago[21]. That lake carved out the fertile

coordination, especially in cases of emergency is critical to?ut shallow walley that exists today (see Fig. 1). The Red
design, practice and policy. River flows from just south of Fargo the northalong the

North-Dakota (ND}Minnesota (MN) state border in the
In cases of mss emergency, particular sotiehaviors  US, and into Lake Winnipeg, just north of the city of
known as collective behavior phenomena are app@gnt  Winnipeg in Manitoba, Canada These topogghical
These include intensified information search, socialfeatures make it prone to flooding. With its northerly
convergence in physical space, and information contagiondirectional flow, rising waters from southern aff can
Collective behavior ideas are powerful in the space ofpool behind stilfrozen northern channels. Because the
widescale CMehased interaction during emergency eventsvalley and river channel are flat, rising waters have

because the activities of the distted, decentralized, nowhere to ruroff but outvard onto the flood plaif21].
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Wﬁ‘wﬁ;xf va and continues to expand its Red River Floodway, which
Red River s channels excess water during a flood around the city.
Lake.

Rapids 7 .
© . ...Drainage % 2009 Flooding _ _
I B e e TE Residents of the Red River Valley were first warned of
i 3 ) .o Rierbasin potential flooding in late February 2009, when Netional
k : f\ﬂr\‘h\Nl'l‘OBr\ et Crand {2 v Oceanic and Atmospheric Administration@sOAA)
DAt 3o “f> a5 Y ( | National Weather Service released a flood forecast for a
CA LS S Ny Rivey st E spring crest in Fargo at the n@® foot range[8]. The
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official flood stage at Fargo is 18 feet; without the
preventative measures of dikes, the predicted crest of 35
feet would flood significant sections of the cifg0].
NOAA would continue to revise its preliminary flood
forecast on March 19 and 26jgiag the predicted height of

e o JORTARIO the Fargo crest to heights of up to 43 {aét 19] .

o The Red River crested in Fargo on March 28 (see Fig. 2) at
a new altime record height. Fortunately dikes were high
enough to avoid catastrophic damage and a cold front had
arrived earlier that week, helping flood waters abate by
freezing upstreamrun-off sources. Though temporarily
relieved, residents of Fargo were soon warned by the
National Weather Service that a second crest, likely higher
than the first, would occur mid to late Apdl6].
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Figure 1. Red River Drainage Map: The Red flows from south
to north in a shallow plain. (Credit: Natural Resources Canac

The valley is therefore plagued by spring flooding,
affecting outlying farm areas as well as riverside towns ang
cities. Larger awnships routinely inundated include
Fargo/Moorhead; Grand Forks/East Grand Forks; ang
Winnipeg. Recent decades have experienced significan
flooding every five to ten years. The flood of 1997 was the
worst modern day flood for the region, with floodwaters
Fargo reaching a height (or crest) of 39.6 fe21.6 feet
above the flood stage of 18 feet.

The crest of a flood is the highest level that the water

Red River flows north from Fargo to Winnipeg

March 2, 2009  March 17, 2009 WApril 1,2009  April 16,2009  May 1, 2009
[ March 26-28 - Fargo high threat window\

< Data Collection Timeframe: March 8 - April 27 >

Winnipeg River
Levels

= = = =54.4" - record (1997) =

Grand Forks
River Levels

April 16 - 22.53" crest

..........................

----- 40.1" - Old record (1897) il iy el

March 28 - 40.82" crest

_/

(new record)
April 16 - 2nd 34’ crest

Fargo River
Levels

reaches before receding. It is measured in a variety of ways,

including maximum height from the basé the riverbed

relative crest heights vary across different cities along th
river. Typically, cresting will move with the flow of the
river (southto-north), so WinnipegOs seasonal crest will

Figure 2. 2009 Red River Flod Timeline [24-26]
and, during a flood, height above flood stage. Timing andyjeanwhile, downstream towns and cities to the north

€monitored the conditions in Fargo as well as their own
rising waters. In Granddrks, the river crested on April 1.
Ice jams complicated the situation further downstream in

occur weeks later than I_:a_lrg(_)Os. Otr_\er _factors, likéhe * canadian province of Manitoba. Residents there
temperature changes, precipitation and ice jams, lead 1Q fered through a prolonged flood threat accompanied by

variance in crest height and timing along the river.

waves of flash flooding and evacuations in severalsarea

Over time, flood prevention efforts have helped to mitigate [22]. In Winnipeg, waters rose and fell and rose again over

damage. Fargo and Grand Forks have hmilsed their

the course of many weeks. {mns prevented officials

dikes or levees above their 1997 flood levels. In response téfom opening the IBodway until April 8. Flooding began at
the 1950 flood and then after 1997, Winnipeg constructedthe end of March, but the river did not crest until April 16.
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The City declared a state of local emergency that morningE-Data Viewer allows researchers to see thousands of data
Parts of the city and surrounding areas would remainpoints in time, to visualize the interaction of multiple
flooded for many weeks. variables, and to quickly test hypothessse( Figs. 5 & 6
METHOD & DATA DESCRIPTION for print versions of these visualizations). Data navigation

This research focuses on Twitymmunications that took and visualization tools are combined with features th".:lt
place over a 5tlay period surrounding the flooding event. allow rese_archers to _code _the_ data based on a coding
The data collection window began on March 8, 2009, whenSCheme tailored to the investigation at hand.

the Fargo area was operating under predictions of flood, bul\nalytical Iterations and Data Visualizations

before threatconcerns were raised on March 19. We Using EData Viewer (which we iteratively customized to
continued to collect tweets until April 27, when most of the support these data sets as the analysis evolusd),
apparent flod danger had passed. immersedourselvesin the data, reading through hundreds

f user streams and thousands of mess&geseach tweet

Data collection for this event occurred soon after the Onseguthor we navigated to pfie pagesto read bios and

of the flood threat period. The challenge in studying AN current update streams. We alsaversedlinks specified

emegency event as well as shdisted chatbased L - . :
. S . o within tweets to locate the original source of information
information is thabne has to make rapid decisions about an

far each tweetThe traversal to these eof-data set sources

emergent event be“‘”? bgmg sure about what the scope aNfas built into he EData Viewer The Viewer envonment
surrounding communications of the event are. In this

; . . . alsopermitted fluid movement between maetisualization
section, we outline our data collegtiand analysis steps as

N g " (of the entire data set or a subsection) and racaysis of
a Ovirtual ethnographicO method under these conditions. individual tweets. It enabledis to share insights and

Data Collection Steps develop a common understandioigthe two large data sets.
Data collection occurred in two parts. In the first phase, weAdditionally, we could work simultaneously on the data
used the Twitter Search API to pull publicly available sets (MySQL was the backend).

tweets containing the casgsensitie search termsed
river andredriver . These terms returned relevant data . ST
with relatively litle noise. Any choice of terms is was trimmed through a process of coding individual tweets

automatically a constraint so the choices must be carefull;f‘.nd t\_/veet at;_tho(rjs tﬁs gntr Off'ttof'ci A stec;)nd round Of'th
made, though there is little opportunity to dwell on the fimming confine € dala sel to tweels from users wi

choice becase the windw on retrievableTwitter datais more than three etopic Red Riverkeyword tweets to

short (and getting shorterpfter investigating the public a||OV\: a floculs on the _morehact;uve TV\gtteneEdms rt(;movd hi
stream, we settled on these terms as producing a good firgge (t)'W ﬁve pfe?’g%'ggfdater a_nmma g € r&ograé) Ic
cut sample. Thignitial search activity resulted in 13,153 Investigation o ’ ala pomntgore bcused an

tweetsand 4983 unique tweet @uors. In the second part of tractable. Th? resulting _data sethe Tweet Overview

our data collection, we developed a script to collect theSampIeconssts of 358 witterersand 7183 tweets.

entire Twitter stream for each user in the sample. The resulfhe Tweet Overview Sampleas qualitatively coded by
was a data set of 4,592,466 tweets. multiple researchers working across sections to assure that

The data necessary for the analysis described below exist iﬁaCh tweet was analy_zedlqﬁst twice. The coding scheme
two different, but related, data sets: theveet Overview evolved through an iterativand grounelip process that

Sample a keyword searepenerated dataset which allows combmed |n5|ght§ gained from the first pass with
the examination of a large number of tweet authorscon3|derable revision and refinement durifngquent aH

(OTwitterersO) and their tweets, and LtbeakIndividual hand data analysis sessioidée coded individual tweets as
User Streams which provide’d insight into dw well as tweet author characteristidsach tweet within the
(emergency) everdriven tweets are incorporated within sample was coded for the apparent origisalirce (or

the whole of a single TwittererOs tweet stream. We identiffqurcels)?f iﬂe |$fqgnatlc.)n. Infcarm.:;\tmn v;/r?s po%edt:]o be
these here to support the reporting of findings in the_?_r'gt'tna c; N V\ﬁ eirer,secor1 arlly synthesizeny thet
remainder of the paper. witterer from multiple soums; re-sourced meaning tha

other online sources were reused and passed on; or
Qualitative Data Coding retweeted where tweets were forwarded wholesale. We
For data analysis, we qualitatiyeexamined and coded also coded for instances oproviding or seeking
individual tweets and usetweet streamsto enable information Tweets that were marked as containing
information visualization of the entire data corpora original or synthesiziinformation were additionally coded
E-Data Viewer fo_r other_ themes and fl_mctions that are known _in the
We visualized and qualitatively coded the data sets usinglisaster literature on social convergeiit2] or otherwise

the EData Viewer, an ifhouse software application emerged from this data set (i.girgual support, humor,
desigied for analyzing large CMBased data sef23]. The fear, celebrating, bpeful, educational, exploitingtc.).

In a first analytical pass, th&eywordgenerated data set



45% — o

W % Twitterers in Tweet Overview Sample

|~ - )
40% + -
‘

% Tweets in Tweet Overview Sample - e

Distribution of tweets varies over tinfiy both distance and
geayraphicallocatiors along the riverFor those outside the
affected regions, Red River keyword tweets are focused in a
tight window, between March 26 and March 28, leading up

| —— . e — . to the Fargo crest when predictions were dire. Tweets from
[P aaa—— f T - U.S. located peripherals are concentrated around that same
: { B e — window, but trail off at a slightly lower rate than tweets

T _— from nonrlocals, while tweets from Fargo locals have a
higher intensity over a much broader window. Cities and
towns further up the river sk local tweet patterns that are
less focused than ndacals and locals to Fargo. In all
cases, relevant tweets begin to show up during the first
major flood predictions and rise in intensity during the
Fargo threat window, but do not fall off as rapidiye to
later crest times of northern cities.

Winnipeg chals, ) -

Figure 3. Distribution of Twitters & Their Produced Tweets by Other U.S. LocaI;:
Affiliatio n (Note: Graph is descriptive of the Tweet Overview C

data set andat necessarily representative of all Twitter aty)

Fargo Locals

Saat
m mememmmemanse st e e, ee

4rFargo High Threat Window

For tweet authors,key distinctions that emergeds

important descriptorsincluded affiliation, geographical
location, and relative distance from the eva@tioughmany

Twitterers are private individualgithout a stated affiliation
(see Fig. 3)pthers act as representatives wganizations.

The distance categdiylocal, peripheral(within 6 hours

driving distance)personally connectefthas direct personal
connection to physical area, but is otherwise rematedl

norlocaN captures physicaldistance as well as other

connections to the affected geograjbse Fig. 4).

|
l ® Individual
Other

U.S. Peripherals

Outside
Affected
Area

Fargo Wndfi'orks : Winnipeg

Crests:

Local Figure 5. Temporal Distribution of Overview Tweet Set Sorted

by Location from March 8 to April 28

Peripheral
This descriptive analysis set the stage for additional
l gualitative analysief tweet sreams for all locaindividual
Twitterers Though these users were generating the most
original data in our initial sample, we theorize that relevant
tweds were still underrepresenteddecause individual
tweet streams have some level of conversationatezd
and local users can presume context of their followers,
these Twitterers would be least likely to incorporate the
keywords and hashtags we used to generate our sample. To
examine their tweet behavior more closely aletter
understand generative imfoation production, we compiled
all tweetsfrom these authors during the March 8 to April 28
timeframe into a second data dbk Locakindividual User
Streamsdata set. This set contains 48thorsand their
19,162 tweets. We coded tweets within this@dy as on
or off-topic (14% were coded as dapic). The remaining
qualitative analysisvas done at the user stream level.

Personally Connected

Not Geo Local

Unknown

0 20 40 60 80 100 120 140 160 180
Number of Twitterers

Figure 4. Number of Twitterers (Individual/Other) by D istance

From this initial analysis, we could better understand the,
data set. Unaffiliated individuas, the largest group,
comprised over a third (37%)f Twitterers. Though Flood
Specific Services were a small portion of #hehor poa|
they were responsible for nearly 44% oftaleets skewing
other analyses towards features of their @éoerated
tweets. Removing them, we foutithtindividualscomprise
30% of all tweetsBy distancewe found thahonlocalsare

the largest group, but localteakeup a much larger portion

of individual Twitterers(Fig. 4).

Finally, we examined other ctine sources at a shallower
level to situate Twitter activity relative to other CMi@sed
opportunties for interaction, but did so without coding or
content analysis.



ANALYSIS being produced, as well as the ways that individual, local
Collection and manipulation of large data sets genefated users presented themselves and the information they were
CMC during newsworthy everliseven when done conveying. Our tweetby-tweet analysis of thelLocak
carefullyN first reveals an utterly unsurprising observation: Individual Users Streamsindicates that most are
that publicy availablecommunicationsare heterogeneous broadcasting autobiographical information in narrative
and unwieldy. However, with extended examination of form, though many contain elements of comtagn and
those data, we suggest that information production and rethe sharing of highelevel information as well. Even as
use activities reveal bottonp ordering activities that some Twitterers shift focus to the flood, most continue
support the means of selfganization (in e collective  tweeting within their established Twitter persona.

behavior sense) of such information spaces. Our aim t :
describe features of the Osocial lifeO of microblogge " e = R et
information (with apologies to Brown and Dugu#]). e ko

Complex and even unbounded informatiqraces begin W"Tnulpeg"
with generative information activityGenerative activity .
creates the body of material that then requires organizatiol grand Forks
through highly distributed, decentralized and diffuse social]
cognition processes. The information generated through =

these namtives becomes part of the public, searchable] .. "~
account of the event. This material then acts as primary Fargo
source material for downstreaderivative and synthetic ‘
processeslnnovative activity is another form of synthesis
that reinterprets information ands itrepresentation with
inclusion of crosglomain expertise and interpretation.

Q@hectocals,”mmm v :
Generative Information Production [Crests:] [Fergo] [GrandForks] [Winripeg]
Generative information is at the core of the information
production cycle, prodiving the raw material that later
production behavior works to ape into a meaningful
informational resource. Generative tweets in dweet When news of flood predictions and warnings appears,
Overview Sampleare those coded aariginal. Original local individualswho are already Twitteretsegin to tweet
source tweets result from two distinct types of Twitter more about floodelated issuesFor example, in our
behavior that reflect different orientations towards the visualization Fig. 6) we seespikes in flood-relevant
information. The first type is autobiographical narrative, activity among most Fargo users (though rijtieading up
which includes firsperson observations and status updates.to the first crest on March 2&ome Twitterersvho are
The second type of behavior consists of introducingregular users begin to tweet almost exclusively on flood
common knowledge or adapting information from other related matters wting the most critical timesmentioning
sources to the discussion space. This ldivavior often  sandlagging, evacuation information and other related
takes the form of commentary, as in the example below:  subjectsDuring the floodseveryday updates are no longer
@plruark ! (Mar 28 12:22): Thinking that the the focusl of their T_thter activity. Howevem_nce the river
Red River is not cresting, it's more of a level begins tosubside they return to tweeting about their
temporary shrinking affect due to the cold everyday lives.In Fig. 6 these horizontal tweet streams
weather show long, uninterrupted strings of dark spheres
representing tweets about the flooding. Authors from Fargo

Original tweets make up less than 10% of dweet  5re the most likely local authors to demonstrate intense, on
Overview SamplelLocals and peripherals produce over topic tweet patterns.

80% of theseWhen tweets generated automatically by the _
Flood Specific Services are removed, local and peripheraPne of these authors, @kathy12@d lived through the
authorsO tweets are three times as likely to be original. 1997 flood and decides to use Twitter to narrate her
) ) experience during the current floo&n March 19, nine
Though analysis of th@weet Overview Sampléelps us days before the Fargo crest, she begins asking for
frame generative activities within the entire Twitter ;o\ nteers to come to the Red River Valley to sandBhg.
communication space, analysis of thecatindividual  continyes to séehelp until March 26, when she decides to
User Streamgrovides insight into the kinds of information g\acuate. Three days later, on March 29, she returns home,

and her subsequent tweets are celebratory in nature.

! The @ is a Twitter convention tmark usernames. Usernames Another user, @jordidude in Fargo/Moorheastarts

are anonymized for all individuals. Usernames of media a”dtweeting flood warnings on March 21, the same Hay
sources meant for public consumption remain unchanged. '

Figure 6. Local-Individual User Streams. Dark spheres
represent ontopic tweets. Light spheres are offopic.
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begins to volunteerHe continues to tweet regularly, and predict futurebehavior For examplea person identified
almost exclusively about the floods until April 3, when through his username as a piliot,an attempto contribuée
other subjects begin to reappear in his strebmlike through his domain knowledge, says:

@kathy123, @jordidude chose to stay in a fladigcted @i_fly (Apr 6 08:42): The lowest runway at

city, and documented his exqiences sandbagging, helping  Fargo Hector airport is 896 Ft. above sea

others and sending hopeful messages to the Twitterievel. | wonder how that elevation comp ares
audienceln addition to personal updates on flood activities, with the Red River at flood.

@jordidude broadcasted river levels and official municipal
updates, combining generative information productidth
other types of production activities.

Along a similar vein, 2.5% of tweets and 8% of tweets from
individual authors in th&@weet Overview Sampége coded

as educational These tweets synthesized common
Followers of these Twitterers are able to share in the storieRnowledge and current information from multiple sources
of flood-affected locals through short, direct messages thato educate a broader audience.

conveyed the worry, fearuncertainty and joy of the @speakup (Mar 27 06:06): Red River

experience. The information genekhtehrough these serpasses record highs set in the 1800s,

narratives becomes part of the pulpdiearchable account of  expected to rise more after snowstorm.

the event. This material then acts as primary source materiahttp://iwww.fakeURL.com

for downstreanderivative processes. L . .
Derivative Information Production

Synthetic Information Production Our data indicate that Twitter activity cannot be wledi

A second key piece of the information prodanticycle  compktely in terms of generative and synthetic information
within our Twitter data is synthesis. Over a quarter of all production. Twitter is not simply a platform for
tweets in theTweet Overview Samplare original tweets broadcasting information, but one of informational
created by synthesizing outside knowledge, including othelinteraction. Activities classified as derivative information
tweets, web and news sources, common knowledge ofroduction occur in over threguarters of tweets in our
geographical or histaral facts, etc. Synthesis tweets shape Overview Tweet Samplnd a smaller, but still substantial
the information space by digesting, filtering, relaying, and portion of our LocakIndividual User StreamsThough
adapting information to the 140 charagteaximum brmat.  information generated in Twitter and across any number of
ortline sources may be valuable, navigation of this
unwieldy space is difficult. Many of these conventions have
Fsvolved to aid this navigation, directing other users to
valuable information, placing virtual signpostgthin a
complex information spaceOther behaviors function as
filters and informal, usedriven iecommendation systems.

Within our Tweet Overview Sampleational and local
media use synthesis at the highest rate$o(2dd 71%).
Many of these tweets are generative, because their autho
are acting (within the role of traditional media) to bring
information to the web space for the first time, synthesizing
from nonweb, noATwitter sources.

@CBSRadioNews (Mar 27 11:50)  : Coming up at Through these activities,witterers both selbrganize and
1pmET: The Red River continues to rise, create the need for more selganization, as they generate
reaching a record high. The mayor calls for even more noise that gives rise to the need for more
more evacuations and National Guard troops directing and focusing behaviors. Derivative information

production is therefore a usdriven cycle of shaping and

Individuals, blogs, alternative media, and fesed re-shaping a shared interaction and information space
organizations also use synthesis at above average rates >"aping pace.

Much of this synthesis activity functions as an informal, Retweets

enduser driven filter for the massive flood of information Retweeting is a usefriven convention that emerged in
surrounding the emergency event. In these cases, TwitterefBwitter communication. In one of our user streams, an
process and digest other informational media, thenexperienced Twitterer itisicts a new user on its utility:

redistribute it on the Twitteplatform. @ozacko: @SuzyQ RTisre - tweeting. Passing
@markp (Mar 22 22:20): WDAZ says the along another message. So you go: "RT @
predicted crest of the Red River is now 52 [username] [message]. Bumps it along to

feet. Follow @egffloodstage to get hourly more people! =)

updates of the river level. By allowing Twitterers to pass on information that they

Often, as in the previous example, synthesis activitydeem interesting, importgn entertaining, etc, retweets
aaccompanies other, derivative productibehavior, such as function as an informal recommendation system within a
directing and/or resourcing (defined below). platform that lacks a formal mechanism. Retweets act to
both recommend the information and the original author,
and we often see retweeted authors thanking others for
>}Jassing along their tweets.

Synthesis activity is also illustrated in cases when a
Twitterer lends expertise to add information valldis
didnOt happen often but is noteworthy activity that ma
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Retweets havdinguistical featuresthat can bereadily filter it in various ways, and redistribute it through their
measuredacross a large data séh the Tweet Overview tweet streams. A similar affiliation type was the Flood
Sample,5.7% of all tweets and 23% of tweets by local, Specific Services, a group of Twitterers who initiated their
individuals contain the conventional language for accounts during the flooding event and tweeted flood
retweeting. Mst of theseretweetswere from tweets that related information exclusivelyThough three of these
originated in the local media or Flood Specific Services.  authors aggregated then -geurced or synthesized
information from multiple sources, the remaining five had a
single purpose, to distribute at even intervals automated
flood level data from their various locations.

Whenindividuals were the original sourder the retweets
two-thirds of the time they wertocal or peripheralThe
interpretation of this is that lolsaand peripheral Twitterers
(individuals, media or floodpecific services) are the locus We also discovered automafeds incorporated into

of retweeted information. Additionally, we know from accounts of authors with affiliations other than
deeper investigation of theocalIindividual User Streams NewscrawleBots and Flood Specific Services, including
that localindividuals retweeted more often about fleo individuals. Services like Friendfeed (a social media
related matters than across the rest of their Twitter streamsaggregator) and Twitterfeed (an automatic blog updater)
This supports thédeathat people spread information that enable users tgull web and Twittetbased information
they feel or know to be newsworthy through retweeting. from other sources and add it to their update streams. We
found several users within our data sets using thesenmdug

to autegenerate tweets. Filters chosen by these Twitterers
allow them to autge-source and rediribute information
they deem important, an action that again works to both

Follow @ Tweets
Another convention within Witter is to explicitly
recommenduthors by telling others to follow them.

@markp (Mar 26 10:20): @art2 follow populate as well as shape the overall information space.
@fargofloodstage for current height. follow
@homer cause he is funny. URLS

. . .. The presence of URLs within tweets is an indicator of
Almost all of the explicit follow recommendations within  5nqther organizational activity, often tied to-s@urcing:
our Overview Tweet Selfirect Twitterers to sourcetiat are  roviding a direct link to external, weased information.
local or per_|pheral Fo the flooding event. Most point 10 These URLs can be used as economizingstrategy to
Flood Specific Service accounts thegularly post flood  gyercome the 140 character limit by pointing to more
level data Twitterers use this convention to guide ofiter  ihtormation created by the original tweet author (e.g., a
sources they deem trustworthy. Interestingly, the authorsmog). In most cases within our sate see these URLS

who composé©Follow @O tweets are all local or peripheral.girecting readers to information created by another author, a
These directors areTwitterers who have earned or  media outlet. or an unaffiliated website.

presumedhe credentials to tetither's whom to follow [27]. _ _
URLs are present in more than half of the tweetsha

Overview Tweet Sampl€56%) when Flood Specific
Services and Newscrawi@ots are removed. In that

Re-sourcing
Another widespread directing behavior we identified in the

datallsre'-sourcm.g the act of pomtm_g to other sources or sample, locals and individuals use URLs within their tweets
copying information from elsewhere into a tweet:-$o@re

. . : at much lower rates than other distances and affiliations.
tweets can act to organize the information space b

directi . ifi inf . but th P¥Those Twitterers are more likely to rely on firstand
Irecting user attention to specific information, but their ;. mation and synthesis than externasoaircing.
pervasiveness within Twitter also results in more confusion,

more clutter, and the need for more organization. Innovation Through Tweeting _ _
In anothemotablepart of the information production cycle,

69% of tweets in ourOverview Teet Samplewere  Tyjiterers use personal skills and expertise to contribute to
interpretatively coded as incorporatingsurce behavior. e information space through innovation. Five of the eight
When Flood Specific Services are removed from thepigog Specific Service accounts sent precise flste
sample, that percentage drops by half (to 34%) and we fingneasurements at regular intervals. The regularity of tweet
norrlocals to be much more likely to use their tweets {0 ré osting intervals andext for these streams indicated that
source tha locals and peripherals. This istsirprising, as  they were autgenerated Obots.O Their tweets were often
few have firsthand knowledge of the event, so much of (eyeeted and rsourced. Within days of account creation
their Red River conversation has to rely on information 5 leading upct the Fargo crest, flood information from

from others In many cases, thesewitterers use their  gpreadthroughout the Twittenetwork allowing users to
accounts to pass on information amtk$ to sources with trackwater levelchangesn almostreattime.

more credentials, mainly local and national media.

@egffloodstage (Mar 29, 19:00): Red River
One affiliation group, the NewscrawleBots, tweeted re at East Grand Forks is 48.70 feet, +20.7
sourced information only. These are compuagerated  feet of flood stage, -5.65 feet of 1997

accounts that grab information from other CMC sources, crest. #flood09
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Investigation in outLocakIndividual User Streamseveals @ozacko (Mar 27 03:05): Fargo is now a hot

that each flood stage service was created by a single localfoPic on Twitter Search. Keep tweeting to

individual Twitterer. Though the original sources of the zﬁggdtgg attention, guys! #fargo #redriver

water data were official agencie@ncluding the B

Geological Survey and NOAA), none of the distributing CONCLUSION

Twitter accounts were affiliated with a public service Twitter, a new incarnation of computer mediated chat, is a
agency or media outlet. Each author maintained a separat@atform without fomal curation mechanisms for the
personal Twitter account which references the new servicenassive amount of information generated by its
he createdNot insignificarlly, most of these authors self (burgeoning) user base. There is no rating or
identified as a OgeekO or a OnerdO in their bios. Eviderreeommendation system support, key features of commerce
within their streams points ttransferof both innovative  sites like Amazon and information aggregators like Digg.

ideas and the techniques required to produce them. Nor is there a coplex system of validation that, for
@markp (Mar 23 15:13): Looks like | have ex_arnplg, Wikipedia has implementgd. .Also_ unlike
started a twi tter mini - meme @egffloodstage Wikipedia, content passed through Twitter is shiged,
@fargofloodstage @redinwinnipeg and and therefore cannot be discussed, verified and edited.
@redriveratfargo. #flood09 . While most social media have OplacesO for interaction, in

| hi h h ¢ @t flood Twitter interaction occurg and on the data itselfhrough
n response to this tweet, the author of @fargofloodstaggg distribution, manipulation, and redistribution. Without

initiated a d'SF:USS'O” with the author of @ggfﬂoodserwce,regular retransmission, communications quickly get lost in

about the scripts each used to scrape-auellable water .o | Jise and eventually die off

resource data and populate their bots. The original author _ _ ' S _

even offered to send the copycat a version of his code. Adapting to these unique characteristiok interaction,
o . ., Twitterers haveevolvedtheir own curation mechanisma

Motivations for creating these streams may have varied¢, o of bottomup selforganizing.Users determine vt is

frqm increasing Twitter status to ;howing off technical o4 s nowaluable and what is not. Information is part of a
skills, but sore authors explicitlyindicated that they felt lifecycle of generation, derivation, synthesis, and

good aboubeing able to helfhroughtheir expertise. innovationthat marries skills with information production

@homer (Mar 23 20:58) : It is really to shape the information space.

amagzing watching the followers grow on . . .
@fargofloodstage | feel special being able The conditions of the 2009 Red River Floods provided a
to make something that helps window through which to examine Twitter activity over a

. . ) ) concentrated period, where stable elements of geography
These mstances of innovation follow the sociology of 5,4 featres of the hazards threatay be connected to
disaster research, which has repeatedly shown thafyitter communications. The result is the description and
improvisationis a feature ogeltorganizing activityacross  cqnsjderation of an information lifecycle offered here.
emergency respongél, 14}

) However, the results of this work also have bearing on

Others saw the floods as a reason to log onto Twitter for th%ractical societal level matters of emgency management.
first time, particularly those in the media. @weather_guypne of the challenges for emergency management today is
and @janecleary (a local news anchor) both startedg know Owhat to doO with social media applications. The
accounts during the floods, and updated them regularly withhe,y gigital world provides both an opportunity but also a
news of river levels, traffic reports and similar information. real and understandable dilemma for emergency
In these cases, the floogerved as an impetus for both management: How cahey make sure that the information
innovation and adoption of Twitter. that is Oout thereO is accurate during an emergency event?

Some Twitter users adapted their understanding of how tGI'hough we dwell on the details of these qigvial

bes_t use the application during this critical tir@macsmth  -gncerns in greater depth elsewhé2d], this research
maintains a_personal account, but when_t_he roo_d threatsuggests a reassuring new framing of the relationship
became serioushe created a newne @risingredriver,  penveen emergency response and communications by
another Flood Specific Service(though not a script  mempers of the public: That official inforian remains
controlled account). He populated the account with flood important and is complemented, not usurped, by
related information only, most of it derivative. Throughout ;,tormation generated by the public. People use and rely on

the eventhe continued to update his persoaetount with  sfficial sources and other believable eyewitness accounts
mostly autobiographical, generative tweets, but savedom which to source their information.

flood-related tweets for the @risingredriver account.
. . In this flooding event, we see thideia manifest in the
During the height of the Fargo threat, another localyerivative and innovative information  activities

Twitterer attempted to leverage his understanding Ofconcentrated on distributing water level data that was
Twitter search mechanismsnmanipulate public attention.
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