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There are increasing expectations that social sensing,
especially the analysis of social media text as a source
of information for COP (Common Operational Pic-
ture), is useful for decision-making about responses
to disasters. This paper reports on a geo-information
and content analysis of three million Twitter texts sam-
pled from Japanese Twitter accounts for one month
before and after the 2011 Great East Japan Earth-
quake disaster. The results are as follows. 1) The num-
ber of Twitter texts that include geotag (latitude and
longitude information) is too small for reliable anal-
ysis. However, a method of detecting the tweet’s lo-
cation from the tweet’s text using GeoNLP (an auto-
matic technology to tag geo-information from natural
language text) is able to identify geo-information, and
we have confirmed that many tweets were sent from
stricken areas. 2) A comparison of Twitter data dis-
tribution before and after the disaster occurred does
not identify clearly which areas were significantly af-
fected by the disaster. 3) There were very few Twitter
texts that included information about the damage in
affected areas and their support needs.

Keywords: social media, Twitter, Common Opera-
tional Picture (COP), disaster information system, geo-
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1. Introduction

Expectations about the usefulness of “social sensing”
for disaster responses are increasing. This paper defines
social sensing as “actions for obtaining information on
dynamic individual and social situations and social ele-
ments (e.g., logistics, traffic volumes, and the status of
natural environments) and their mutual relationships.” In
the context of a disaster, the term denotes “actions for
understanding changes in affected areas, livelihoods, and
victims’ actions, obtained hourly by estimating victims’
situations and affected areas based on location informa-
tion from mobile phones, probe cars, and social media
information.”
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Many efforts have been made recently to use the social
media listed above during a disaster. For example, DIS-
AANA (DISAster-information ANAlyzer) was released
experimentally as a system that analyzes disaster-related
text in Japanese on Twitter and provides search results in
a question and answer format [1]. Rokuse et al. [2] pro-
posed a method for gathering similar tweets in order to
construct a system that collects and organizes information
from Twitter during a disaster and provides appropriate
information according to users’ attributes and situations.

Although these approaches make it possible to improve
disaster responses through technology innovation, data
quality has been insufficiently discussed. There has been
no evaluation of social media’s effectiveness as an in-
formation source for identifying affected areas and un-
derstanding the situation during the “information blank
period” when public information is lacking immediately
after a disaster. In particular, the usefulness of Twitter
for understanding the situation in affected areas during a
large-scale and widespread disaster such as the Great East
Japan Earthquake has not been investigated. Existing re-
search has studied only local disasters [3] and estimated
the overall impact of the Great East Japan Earthquake
by aggregating and comparing the number of tweets and
words [4, 5].

This study is a comprehensive investigation of the hy-
pothesis “Twitter is useful when understanding disaster
situations.” It tests the hypothesis from the viewpoint of
central and local government, NPOs and NGOs, and some
private companies that support and relieve affected area.
At a minimum, these organizations need data is about time
(when), place (where), and situation (what is occurring
in what manner, what the important issues are, and what
support is required). Since Twitter includes a time stamp
with the date and time of transmission, time is not a sig-
nificant issue for investigation. On the other hand, place
and situation are dependent on the content of each tweet.
Therefore, the potential for identifying place and situation
should be investigated in any analysis of the usefulness of
Twitter in understanding disaster situations.

This paper uses tweets related to the large-scale,
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widespread Great East Japan Earthquake to test Twitter’s
potential for improving spatial understanding by investi-
gating: 1) whether there are tweets from affected areas
(whether tweets from affected areas can be identified) and
2) whether affected areas can be identified by compar-
ing the numbers of tweets before and after the disaster.
Twitter’s potential for improving situational understand-
ing is tested by investigating 3) whether the place, ex-
tent of damage, and support needs can be identified using
tweets after the disaster. Questions 1) and 3) are the pri-
mary hypotheses for investigation. Question 2) is investi-
gated partly because there may be a significant difference
in the number of tweets in inundated and non- inundated
areas in the case of a tsunami. During the Great East Japan
Earthquake, the tsunami seriously damaged inundated ar-
eas. This suggests that rescue and support was urgently
needed and there would be frequent tweets that requested
assistance. Alternatively, it was possible that victims in
inundated areas would be unable to tweet because of the
tremendous damage, and this would significantly reduce
the number of tweets. Consequently, the authors consid-
ered that the number of tweets could be used to identify
affected areas, because the number of tweets in areas in-
undated by the tsunami would either rapidly increase or
decrease.

2. Data

Tweets in Japanese from February 11,2011 to April 11,
2011 were the data for analysis. Tweets before and after
the Great East Japan Earthquake were used in order to
investigate question 2) whether affected areas can be de-
termined by comparing the number of tweets before and
after the disaster. This paper includes data immediately
after the disaster because we wished to focus on social
media’s potential during an “information blank period”
when public information is not easily available. A certain
amount of public information is likely to be available a
week after a disaster. Therefore, data for one month was
used to provide a safe margin.

The number of tweets in Japanese from February 11,
2011 to April 11, 2011 was approximately 1.1 billion.
The authors believe that each tweet should be read to in-
vestigate the effectiveness of using Twitter as a means of
understanding the situation in a disaster. However, it is
not practical to browse 1.1 billion tweets, and three mil-
lion tweets were randomly selected from those in the tar-
get period to provide the data set. The sampling rate is
approximately 0.27%.

Tweets include originals and retweets. The sample of
tweets for investigation does not include pairs of origi-
nal tweets and corresponding retweets, because of the low
sample rate. The following analysis therefore does not
differentiate between these two kinds of tweets.

The sampled data set consists of tweets from across
Japan. However, this paper focuses on those from the
Miyagi prefecture, which was significantly affected by the
Great East Japan Earthquake, to obtain detailed results.
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3. Analysis: Potential for Understanding Spa-
tial Distribution of Affected Area Using
Tweets

This chapter considers the questions about Twitter’s po-
tential for improving spatial understanding: whether there
are tweets in affected areas (whether tweets from affected
areas can be identified), and whether affected areas can be
identified by comparing the numbers of tweets before and
after the disaster.

In order to examine whether there are tweets in affected
areas (whether tweets from affected areas can be identi-
fied), information about the sender’s location is processed
and analyzed.

Twitter allows users to add a geotag that gives the coor-
dinates (latitude and longitude) of each tweet. However,
most users tweet without using geotags.

Information about the sender’s location can also be ob-
tained from items such as the names of places and land-
marks in the text of the tweet. GeoNLP is a fundamental
technology that obtains location information from natu-
ral sentences in the text [6]. GeoNLP is able to resolve
ambiguities such as determining which part of text is a
place name and the place name’s location by combining
GIS (Geographic Information System) and NLP (Natural
Language Processing). Our research added location in-
formation to each tweet using information produced by
GeoNLP. It should be noted that GeoNLP estimates lo-
cation using the information in the text of the tweet, and
that location might not be the sender’s physical location.
For example, senders in areas other than Sendai can tweet
“It seems something terrible is occurring in Sendai city,”
and GeoNLP will identify “Sendai city” as the location.
Although this is the case for the analysis in this chapter,
Chapter 4 analyzes only those tweets that have been veri-
fied as originating in the Miyagi prefecture.

Table 1 shows the number of tweets with location in-
formation, either from geotags or from GeoNLP analysis.
Fig. 1 plots the tweets that have been identified as origi-
nating in the Miyagi prefecture in the week following the
disaster. Fig. 1 also plots the tweets identified as originat-
ing outside the Miyagi prefecture for reference.

The complete data set contains three million tweets.
There were 1,619,370 tweets in Japanese in the month fol-
lowing the disaster (Table 1). Only 3,384 tweets (0.21%)
included a geotag, and 57 of these were from the Miyagi
prefecture. It is not possible to determine the true num-
ber of tweets from the Miyagi prefecture out of the three
million tweets in the data set, but it is clear that tweets
with latitude and longitude information based on the GPS
function are very rare.

However, GeoNLP identified location information in
221,780 (13.7%) of tweets in the data set that were sent
in the month after the disaster (Table 1). GeoNLP identi-
fied 5,903 tweets as originating in the Miyagi prefecture.
GeoNLP identified more tweets with location information
than achieved by geotags by a factor of approximately 66
for Japan and 104 for the Miyagi prefecture.
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Table 1. Number of tweets with information about location.

Area Ist week: 2nd week: 3rd week: 4th week: 5th week: Total
Mar. 11-17 Mar. 18-24 Mar. 25-31 Apr. 1-7 Apr. 8-11

Raw Data  Japan 317,693 355,661 365,242 376,266 204,508 1,619,370

Japan 678 637 633 824 612 3384
Geo tag

Miyagi 17 9 13 8 10 57

Japan 64,102 40,171 43,759 45210 28,538 221,780
GeoNLP

Miyagi 2,627 918 845 869 644 5,903

2011-03-11 000000000

L

aL

"y GeoNLP
A n=2!627

2011-03-11 000000000

Fig. 1. Tweet location information in the Miyagi prefecture, one week after the disaster: March 11 to March 17, 2011.

Figure 1 demonstrates the fact that tweets whose lo-
cation was identified by GeoNLP are more widespread
geographically than those identified by geotags. These
tweets do not always border areas affected by the Great
East Japan Earthquake in the Miyagi prefecture, and there
are tweets from inland and Pacific coastal areas that were
seriously damaged by the tsunami.

The analysis summarized above confirms that there
were tweets from affected areas in the Miyagi prefecture
during the Great East Japan Earthquake and that a num-
ber of the tweets from affected areas can be identified
by analyzing location information in the tweet’s text with
GeoNLP. Tweet data with location information identified
by GeoNLP are used in the following analyses.

The second question about the potential for improv-

200

ing spatial understanding through Twitter, whether af-
fected areas can be identified by comparing the numbers
of tweets before and after the disaster, is discussed in the
next section.

Figure 2 maps tweets from the Miyagi prefecture with
GeoNLP location information for one month before and
after the disaster. Fig. 2 includes tweets identified as
originating from outside the Miyagi prefecture for refer-
ence. The number of tweets from the Miyagi prefecture
increased threefold, from 1,921 to 5,903, after the disas-
ter. No clear difference between the increase or decrease
of tweets from particular places can be observed in the
spatial comparison of tweet distribution before and after
the disaster because tweets increased after the disaster in
all areas.
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Fig. 2. Comparison of tweet distribution for one month before and after the disaster.
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Fig. 3. Changes in the number of tweets in areas inundated
and not inundated by the tsunami (Miyagi prefecture).

Figure 3 overlays tweet data with GeoNLP location in-
formation on a tsunami inundation map [7] to compare the
number of tweets for each day of the week immediately
prior to and post the disaster from inundated and non- in-
undated areas. The number of tweets increased in both
inundated and non- inundated areas, suggesting that it is
not possible to identify inundated areas solely on the in-
crease or decrease in the number of tweets.

This study originally proposed the hypothesis that “the
number of tweets in seriously damaged areas rapidly
increases (because rapid environmental changes worth
tweeting about frequently occur) or decrease (because it
becomes difficult to post information using social media
owing to rapid environmental changes and infrastructure
outages).” However, the data shows that, in the case of the
Great East Japan Earthquake, it is not possible to identify
inundated areas based on an increase or decrease in the
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number of tweets. Therefore, a comparison of tweet dis-
tribution before and after a disaster is unlikely to identify
affected areas.

4. Analysis: The Potential for Using Tweets to
Understand Disaster Situations

This chapter discusses the third question about Twit-
ter’s usefulness in a disaster, whether the situation (what
is occurring in what manner and what the important is-
sues are) and what support is required) can be determined
using tweets sent after the disaster. The following pro-
cess was used for each tweet sent in the week following
the disaster that GeoNLP had identified as being from the
Miyagi prefecture.

1) Create a card for each tweet sent in the week follow-
ing the disaster.

2) Create structured groups based on tweets that contain
the same issue.

3) Create separate cards if a tweet contains multiple is-
sues, as one tweet can be included in multiple groups.

4) Separate tweets about direct experience from those
about indirect experience.

5) Label each group.

Actions 2) and 3) were performed by multiple evalua-
tors. Action 4) was performed by three evaluators. Evalu-
ator A was a technical staff member in a research institute,
and evaluators B and C were involved in disaster research.
Actions 3) grouping and 5) labeling were performed as
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Table 2. Results of tweet analysis.

Direct Indirect Total Und | Und di
No. Tweets No. of . No. of . Du.ec'/ No. of . damage in needs fm.
tweets Ratio tweets Ratio indirect tweets Ratio affected areas | 2SSS1nce in
affected areas

[ 1|Comments on status of affected areas 466) 10.6% 224 5.1% 2.1 690) 15.7%

2|Comments on safety confirmation of family members and friends 40 0.9% 265 6.0% 0.2 305 6.9%

[ 3|Concern about safety of family members and friends 161 3.7% 125 2.8% 1.3 286 6.5%

4|Concern about affected areas 121 2.7%! 11 0.2% 11.0 132 3.0%

5[Plan to go to affected areas 66 1.5%] 39| 0.9% 1.7 105 2.4%

6|Requests for safety information on family members and friends 57| 1.3%] 47 1L.1%] 1.2 104 2.4%

7|Requests for information on affected areas 89| 2.0%! 10, 0.2%! 89 99| 2.2%

[ 8|Plan to provide supplies (food and water, etc.) 39) 0.9% 50 1.1% 0.8 89 2.0%

[ 9|Comments on the government's report 71 1.6% 9| 0.2% 79 80| 1.8%

10{Announcement on supermarkets and convenience stores 40 0.9% 39 0.9% 1.0 79 1.8%

11|Comments on the i ities and epicenter 5 0.1%! 69 1.6%! 0.1 74 1.7%

58] 1.3%! 0.2 67| 1.5%

13|Comments on tsunami 9) 0.2%! 58] 1.3%] 0.2 67| 1.5%

|__14|Comments on deaths 0) 0.0% 66| 1.5%] 0.0 66) 1.5%

| 15|Comments on damage and restoration of the airport 0) 0.0%, 60 1.4%! 0.0 60| 1.4%

[ 16|Comments on nuclear plant accidents and radiation contamination 12] 0.3% 48 1.1%! 0.3 60| 1.4%

17|Comments on volunteer activities 21 0.5% 34 0.8% 0.6 55 1.2%

38, 0.9%. 0.4 53 1.2%

19|Comments on electricity recovery 20 0.5% 32| 0.7%! 0.6 52| 1.2%

20[Enc for victims 44 1.0%] 8| 0.2% 55 52| 1.2%

21|Comments on shelters 3 0.1%! 45 1.0%! 0.1 48 1.1%

| 22|Introduction of information services (radio, SNS account, disaster message b 1 0.0%, 45 1.0% 0.0 46 1.0%

23|Pray 35 0.8%! 9) 0.2% 39 44 1.0%

[ 24|Comments on electricity outages 25 0.6% 19] 0.4% 1.3 44 1.0%

[__25|Comments on planned outages 10) 0.2% 30 0.7% 0.3 40 0.9%

26| Thanks for encouraging and providing information to fiends 15 0.3% 24 0.5% 0.6 39 0.9%

27|A on gas stations 21 0.5% 14 0.3% L5 35| 0.8%

34 0.8% 0.0 35| 0.8%

29[A of own safety 34 0.8%! 1 0.0% 34.0 35| 0.8%

17, 0.4% 0.7 29| 0.7%

[ 31|Comments on the occurrence of earthquake 1 0.0%, 26 0.6% 0.0 27 0.6%

32[Announcement on supplies (food, water, etc.) provision sites 4 0.1% 22 0.5% 0.2 26 0.6%

22| 0.5% 0.2 26, 0.6%

14 0.3% 0.8 25 0.6%

35|Comments on railway (subway) 0) 0.0%! 23 0.5%: 0.0 23| 0.5%

36|Comments on intensities and epicenter 3 0.1%! 19) 0.4% 0.2 22| 0.5%

37|Comments on donations 10 0.2% 10, 0.2% 1.0 20 0.5%

6) 0.1% 22 19 0.4%

39| Announcement on missing people 0f 0.0% 19] 0.4% 0.0 19) 0.4%

19 0.4% 0.0 19 0.4%

41|Propose on using Twitter 1 0.0% 17 0.4% 0.1 18 0.4%

42/A on damage in stations 0 0.0% 18 0.4% 0.0 18 0.4%

43[A on izati pting donations 5 0.1%! 13 0.3% 0.4 18 0.4%

44|Comments on falling snow 15 0.3%! 3 0.1% 5.0 18 0.4%

|__45|Comments on the availability of parcel delivery services 7] 0.2% 10] 0.2% 0.7 17] 0.4%

46|Comments on disconnected cell phone cervices 1 0.2% 6| 0.1% 1.8 17] 0.4%

14 0.3%. 0.1 16 0.4%

| 48|Comments on activities of on-screen talents 1 0.0%, 15 0.3% 0.1 16| 0.4%

49[Comments on the availability of hospitals and facilities 3 0.1% 13 0.3%: 0.2 16| 0.4%

50|A on bus operation 4 0.1% 11 0.2% 0.4 15 0.3%

51|Comments on activities of the Self-Defense Forces 6) 0.1% 9 0.2% 0.7 15 0.3%

52|Comments on surrounding areas 0) 0.0%! 15 0.3%! 0.0 15 0.3%

53|Requests for information on gas stands 12 0.3% 2| 0.0% 6.0 14] 0.3%

[ 54|Comments on fear and anxieties 10] 0.2%, 4 0.1% 2.5 14] 0.3%

55| Announcement on issued tsunami alerts 2 0.0% 12 0.3% 0.2 14] 0.3%

[__56|Announcement on railways 13 0.3% [1) 0.0% 100.0 13| 0.3%

57|A on canceled or delayed events 3 0.1% 9 0.2% 0.3 12 0.3%

58| Alerts for affected areas (security and health) 8] 0.2% 4 0.1% 2.0 12 0.3%

|__59|Comments on shakes 8] 0.2% 4 0.1%: 2.0 12 0.3%

| 60]Comments on gas recovery 3 0.1% 8| 0.2% 04 11 0.2%

[ 61|Alerts for aftershocks 2] 0.0%, 9| 0.2% 0.2 11 0.2%

62|Comments on indoor mess S 0.1% S 0.1% 1.0 10] 0.2%

63|Encouragement for family members and friends 4 0.1% 6 0.1% 0.7 10] 0.2%

64|Comments on water recovery 3 0.1% 7 0.2% 0.4 10] 0.2%

65| Alerts for tsunami 1 0.0%! 9 0.2% 0.1 10 0.2%

66|Comments on blockage and recovery of reads 0) 0.0%! 10, 0.2% 0.0 10] 0.2%

| 67|Comments on how to use Twitter and tips 1 0.0% 8 0.2% 0.1 9| 0.2%

[ 68|Question on_safety confirmation methods [3 0.1% 3 0.1% 2.0 9] 0.2%

[ 69|Comments on purchases of local food from affected areas [J 0.1% 3 0.1% 2.0 9] 0.2%

[ 70| Announcement of evacuees list 2] 0.0%, 7] 0.2% 0.3 9] 0.2%

71|A on bathing facilities 4 0.1% 4 0.1% 1.0 8 0.2%

72|A on aftershock 5 0.1% 3 0.1%: 1.7 8 0.2%

73|Comments on going home 6) 0.1% 1 0.0%: 6.0 7 0.2%

74|Comments on mobile phone batteries that were running out 1 0.0% 6 0.1% 0.2 7] 0.2%

6 0.1% 0.2 7 0.2%

76|Requests for shelter information 5 0.1% 2] 0.0% 2.5 7 0.2%

[ 77|Call for refraining from using Twitter 3 0.1% 3 0.1% 1.0 [ 0.1%

| 78| Announcement on power sources for mobile phones 2] 0.0%, 4 0.1% 0.5 [ 0.1%

79|A on predicted tsunami 0 0.0% 6 0.1% 0.0 6 0.1%

4 0.1% 03 5| 0.1%

81]A on cold weather 4 0.1% 0) 0.0%: 100.0 4 0.1%

82|Comments on damage in the Tokyo Metropolitan area 2] 0.0%! 2| 0.0% 1.0 4 0.1%

| 83|Call for evacuation from tsunami [ 0.0%, 4 0.1% 0.0 4 0.1%

[ 84|Comments on communication measures 3 0.1% 1 0.0% 3.0 4 0.1%

|__86|Concern about non-affected areas 4 0.1% [ 0.0% 100.0 4 0.1%

87|Requests for information on provision sites for supplies (food and water, etc.) 3 0.1%; 1 0.0%. 3.0 4 0.1%

88|Requests for information on supermarkets and convenient stores 2 0.0% 1 0.0% 2.0 3 0.1%

89| Call for provision of medical devices and materials 0) 0.0% 3 0.1%: 0.0 3| 0.1%

90| Call for electricity savings 2] 0.0% 1 0.0%: 2.0 3| 0.1%

[ 91|Comments on issued evacuation orders and advisories 0f 0.0%, 3 0.1% 0.0 3 0.1%

[ 92|Announcement on mortuaries [ 0.0%, 2| 0.0% 0.0 2 0.0%

[ 93|Alerts for the fire 0 0.0%! 2 0.0%. 0.0 2 0.0%

|__94|Comments on building damage 0 0.0%; 2| 0.0% 0.0 2 0.0%

95|A on sender's 2| 0.0%! 0) 0.0%: 100.0 2| 0.0%

96/Prediction of ities and epicenter 0 0.0% 2 0.0% 0.0 2 0.0%

97|A on sites accepting victims 1 0.0%! 1 0.0%: 1.0 2| 0.0%

[ 98| Announcement on the number of evacuees 0f 0.0%, 2| 0.0% 0.0 2 0.0%

[ 99| Announcement on the all clear of tsunami alerts [ 0.0%, 1 0.0% 0.0 1 0.0%

100| Prediction of tsunami arrival time and height [ 0.0%, 1 0.0% 0.0 1 0.0%
101]Irrelevant to the disaster 0 0.0%; 112] 2.5% 0.0 112
102[Others 8 0.2% 569 12.9% 0.0 577,
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Table 3. Tweets likely to be useful for understanding support needs in affected areas.

Direct Indirect Total Understanding
Understandin;
Direct/ nerstanding needs for
No. Tweets No. of . No. of . s No. of . damage in . .
Ratio Ratio indirect Ratio assistance in
tweets tweets tweets affected areas

affected areas
58 1.3% 0.2 67 1.5%
14|{Comments on deaths 0] 0.0% 66, 1.5% 0.0 66| 1.5%
15|Comments on damage and restoration of the airport () 0.0% 60, 1.4% 0.0 60| 1.4%
38 0.9% 0.4 53 1.2%
34 0.8% 0.0 35 0.8%
17| 0.4% 0.7 29 0.7%
22 0.5% 0.2 26 0.6%
14 0.3% 0.8 25 0.6%
6] 0.1% 2.2 19 0.4%
40| Announcement on isolation 0 0.0% 19 0.4% 0.0 19 0.4%
14/ 0.3% 0.1 16 0.4%
6] 0.1% 0.2 7 0.2%
89| Call for provision of medical devices and materials ) 0.0% 3 0.0% 0.5 3 0.1%
94|Comments on building damage 0] 0.0% 2 0.0% 0.0 2 0.0%

follows: if, for example, “a TV program reported a short-
age of medical equipment” was tweeted, the “shortage of
medical equipment” was focused on as specific informa-
tion, not the “TV program report.” As described in Chap-
ter 3, GeoNLP does not always identify the sender’s loca-
tion, so process 4) was used to assist in this.

Table 2 presents the results of the analysis above, along
with the number of tweets in each labeled group. One
hundred and two groups were created. Each tweet was
marked with a circle if it was useful for “understanding
the situation in affected areas” as well as “understanding
support needs in affected areas.” Tweets that were useful
for either “understanding the situation in affected areas”
or “understanding support needs in support in affected ar-
eas” were marked with a shading in the table. “Useful”
labels identified the groups of tweets that contained useful
information for understanding the situation in affected ar-
eas as well as support needs. On the other hand, “indirect”
labels identified the groups of tweets that were useful for
either “understanding the situation in affected areas” or
“understanding support needs in affected areas.” These
cards are shaded lightly and not marked with a circle. Ta-
ble 3 extracts relevant cells from Table 2 with the same
shading and circles.

Six hundred and ninety tweets (15.7%) were grouped
into “comments on the situation in affected areas,” which
is the largest category (Table 2). Examples include “I
felt an earthquake in my car” and “terrible. . . a large-scale
fire occurred in Kesennuma city.” Many tweets concerned
people’s safety, such as “safety confirmation for family
members and friends” (305 tweets, 6.9%) and “safety
concern for family members and friends” (286 tweets,
6.5%).

Groups of tweets likely to be useful for “understanding
the situation in affected areas” and “understanding sup-
port needs in affected areas” are discussed below.

1) Requests for rescue (nine tweets)

These are useful for understanding rescue needs. “Res-
cue needed! In a house in Hebita, Ishinomaki City,
Miyagi prefecture. Water is reaching the second floor.
I cannot move to the roof because I have two children.”
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“Please diffuse!! [Urgent] Parents of my employee are
trapped in an immersed car. Could somebody help them?
x-x-X, Sakae, Tagajo City. Please diffuse!”

2) Comments on affected area situations (15 tweets)

These are useful for understanding the situation in af-
fected areas. “Inconvenience because of outages. Our
town is not as affected as reported in TV: Tomizawa,
Taihku district. I just saw that the ground is not safe
and buildings have collapsed in Nagamachi-Minami and
Nagamachi.” “[Please diffuse] The lifeline was com-
pletely disabled. Food and information unavailable. I
manage to use my mobile phone.”

3) Comments on the fire (one tweet)

This is useful for understanding the situation in affected
areas, especially fires. “Buncho seems to be all right.
Some buildings lost power. No fire. The fire occurred
in Miyagino district.”

4) Comments on damage to roads (12 tweets)

These are useful for understanding the situation in af-
fected areas, especially damage to roads. “I did not go that
way. What I can say is that cars could not get from Ishi-
nomaki and Minatomachi to Watanoha. So I drove from
Inai.” “If you want to go to Sendai, fill up your car be-
cause roads are heavily jammed. There are many cracks
in the road and larger gaps of 30 cm. Gaps of about 10 cm
are everywhere.”

5) Announcements of shortages of supplies (food and wa-
ter, etc.) (four tweets)

These are useful for understanding supply needs. “Se-
riously short supplies in Watari elementary school in
Miyagi prefecture. One rice ball is shared by four persons.
This is the only food for the day.” “Clothing needed in
Sendai. Especially men’s and women’s extra-large cloth-
ing and women’s underwear.”

6) Comments on water outages (11 tweets)

These are useful for understanding damage in affected
areas, especially water outages. “I found a water outage
in my house.” “But electricity, water, gas to my apartment
have not been reconnected.”
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7) Comments on the availability of fixed and mobile
phones (13 tweets)

These are useful for understanding damage in af-
fected areas, especially to communications. “Finally mo-
bile phone service recovered in central Sendai.” “[A
friend] called me!!! The phone service is reconnected in
Sendai!!!”

8) Comments on gas outages (two tweets)

These are useful for understanding damage in affected
areas, especially gas outages. “But electricity, water, gas
to my apartment have not been reconnected.” “Electricity
and water reconnected at about five. Kooriyama, Taihaku
district, Sendai city. Gas has not been supplied.”

9) Comments on tsunami and inundation (one tweet)

This is useful for understanding damage in affected ar-
eas, especially tsunami and inundation. “Tsunami arrived
in neighboring districts. I am worried about [personal
name] and [personal name]. [Personal name] and Tagajo.
Information needed.”

Among the 102 groups of tweets, only nine groups
were obtained directly from senders and were useful for
understanding damage or support needs in affected areas.
Note that these nine groups include 213 indirect tweets.
Only 69 tweets (1.6%) were included in the nine groups,
out of 2,627 tweets. This is likely to be because Twitter
is a tool for daily use among communities of individuals,
and it is not used for transmitting information about the
situation in affected areas or support needs during the dis-
aster.

5. Conclusion

In order to test conclusively the hypothesis that “Twitter
is useful for understanding the situation during disasters,”
this paper has analyzed information about location and
the subject matter of tweets, using a data set of sampled
tweets about the Great East Japan Earthquake. The results
are summarized as follows.

Question 1) whether there are tweets from affected ar-
eas (whether tweets from affected areas can be identi-
fied); because few users add geotags to their tweets, few
tweets were identified as being sent from affected areas.
More tweets sent from affected areas were identified us-
ing means other than geotags.

Question 2) whether affected areas can be identified by
comparing the numbers of tweets before and after the dis-
aster; the number of tweets tended to increase after the
disaster in all areas. Affected areas cannot at present be
identified by comparing the numbers of tweets before and
after the disaster.

Question 3) whether the situation in affected areas and
support needs can be identified using tweets after the dis-
aster; very few tweets were useful for understanding the
situation in affected areas or support needs.
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The analysis above demonstrates that it is extremely
difficult to identify affected areas and accurately under-
stand the situation in affected areas during an “informa-
tion blank period” with insufficient public information af-
ter a large-scale and widespread disaster such as the Great
East Japan Earthquake. It is difficult to identify which
tweets are from affected areas because people outside
badly affected areas also tweeted frequently. Tweets with
information about the sender’s location were extremely
scarce because most tweets did not include geotags or de-
scriptions of locations. In order to improve this situation,
the following ideas are proposed: 1) the development of
an algorithm to identify tweets from affected areas accu-
rately; 2) the enhancement of users’ literacy to encour-
age them to provide information that assists in identifying
their location and support needs; and 3) the establishment
of a special SNS for disasters.

Regarding the first proposal, it is possible to develop
an algorithm by analyzing the characteristics of direct
tweets that are useful for understanding damage and sup-
port needs. However, this paper analyzed very few tweets
(69) in this category and more data are required to create
an algorithm. The second proposal may be a burden on
affected users during a disaster. The third proposal is use-
ful to a certain extent because tweets relevant to a disaster
can be identified by establishing a disaster mode inter-
face different from the usual Twitter interface. Uchida et
al. [8] developed a system for tweets that automatically
inserts location information and conducted demonstration
experiments. However, there are few tweets useful for
understanding damage and support needs in a large-scale
disaster, as shown in this analysis, and therefore the cost-
effectiveness and necessity of the second and third pro-
posals should be examined.
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