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Abstract. Personal users on Twitter frequently post observations about
their immediate environment as part of the 500 million tweets posted
everyday. These observations and their implicitly associated time and
location data are a valuable source of information for monitoring objects
and events, such as earthquake, hailstorm, and shooting incidents. How-
ever, given the informal and uncertain expressions used in personal
Twitter messages, and the various type of accounts existing on Twit-
ter, capturing personal observations of objects and events is challeng-
ing. In contrast to the existing supervised approaches, which require
significant efforts for annotating examples, in this paper, we propose an
unsupervised approach for filtering personal observations. Our approach
employs lexical analysis, user profiling and classification components to
significantly improve filtering precision. To identify personal accounts,
we define and compute a mean user profile for a dataset and employ dis-
tance metrics to evaluate the similarity of the user profiles under analysis
to the mean. Our extensive experiments with real Twitter data show that
our approach consistently improves filtering precision of personal obser-
vations by around 22 %.
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1 Introduction

Micro-blogging services such as Twitter have become widely used in recent years.
Twitter allows its users to create and publish short messages of maximum 140
characters, called tweets. Currently, around 284 million active Twitter users
generate 500 million tweets every day', and around 80 % of Twitter users use
their mobile phones to create tweets'. The use of mobile platforms for tweeting
implies that users can report observed events and objects in their physical vicin-
ity. For example, personal tweets have been used for tracking the movements of
earthquakes and typhoons in Japan [12]; tweets about flood, hurricane, and riots
have also been used for crime and disaster location [7]. In a previous work, we
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showed that news generated based on personal observation messages on Twitter
can often be hours earlier than the first news appearing in traditional media,
even for the most newsworthy events such as shooting incidents [19].

Current work on microblog and short text analysis mostly relies on super-
vised machine learning methods [2,12], which require the manual preparation of
training samples. This has several drawbacks, such as the need for significant
manual effort for annotating examples, and a lack of quality guarantees of the
classification solutions, when the classifier is applied to a wider pool of tweets
beyond its training data. Unsupervised methods have the potential to address
these issues. In the domain of microblogs and short texts, however, due to the
complexity and uncertainty of human user data, works on unsupervised methods
are still at an early stage [1,17]. The informal and unstructured text messages
used on microblogs creates uncertainty for any kind of classification models, and
solutions and models effective in one application often will not be as effective in
another application. For example, the work in [8] has shown that the effect of
user roles in Twitter rumor classification varies significantly for different rumor
instances. Thus a challenge for a specific application using unsupervised methods
is to find a particular model that is effective for that application and domain.

In this paper, we focus on filtering personal observations of objects and
events on Twitter using an unsupervised method. To address the challenges
discussed above and provide high classification accuracy, we advance a novel
approach that employs lexical analysis and user profiling. The lexical analy-
sis module filters observation messages based on two attributes, part-of-speech
(POS) tag and message objectivity. The user profiling module separates personal
accounts from other types of accounts based on four analyzed attributes, namely,
objectivity, interactivity, originality, and topic focus. We conduct extensive
experiments using real Twitter data collected for a variety of events, with sig-
nificantly improved results over the existing works. Our main contributions are:

— We propose a novel unsupervised method for filtering personal observations on
Twitter. Our method utilizes various natural language processing techniques
in lexical analysis and user profiling.

— We propose a novel model for profiling Twitter users based on four dimen-
sions, including objectivity, interactivity, originality, and topic focus. We
also propose algorithms that can effectively distinguish personal accounts from
specific-purpose accounts.

— We test our method extensively with real Twitter datasets. For controlled
datasets, our method consistently improves the precision by around 22 %. We
obtain even higher improvement for crowd-sourced datasets. Our method also
out-performs some of the most effective supervised techniques.

2 Related Work

Twitter as a public media and news source has been studied in several works. Wu
et al. [18] investigated the demographics of influential Twitter users, whom they
grouped into media, organization, celebrity, and blogger. Their study concludes
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that bloggers are popular personal accounts that produce the most influential
tweets. Kwon et al. [5] investigated supervised methods for identifying rumors
on Twitter using a number of prominent features, including propagation peaks,
friendship network graph, and linguistic properties based on LIWC (Linguistic
Inquiry and Word Count). They found that selecting the right features is crit-
ical to classifier accuracy. Sriram et al. [14] similarly studied supervised tweet
classification for five types of tweets: news, opinions, deals, events, and private
messages. Although various machine learning techniques are compared, they also
found selecting the right features is the key factor for classification accuracy.

Despite the fact that messages on Twitter are very often informal and incom-
plete [3], researches have used Twitter information for disaster location [6], object
tracking [12], and event detection [16]. For example, Lingad et al. [7] studied loca~
tions mentioned in disaster-related messages in order to identify the position of
natural disasters and affected areas. However, accurately classifying object or
event-related messages is a challenging task. Sakaki et al. [12] developed a sys-
tem that tracks the movement of earthquakes and typhoons based on personal
reports detected on Twitter. They compared a number of features for building
the event-related message classifier, with the best-performing feature set achiev-
ing a precision of 63.64 %. Li et al. [6] studied the use of tweets for detecting
crime and disaster events (CDE) as they were reported on Twitter. They trained
a classifier based on the words present in identified CDE tweets, and achieved a
precision of 30 % and a recall of 85 %.

Due to the amount of effort required for manually annotating a large num-
ber of messages, a supervised method, however, is in many cases impractical.
Unsupervised methods have the advantage of needing less manual effort. Cur-
rent unsupervised methods for microblog analysis are still at an early stage of
research. Carroll et al. [1] developed an unsupervised method for determining the
objectivity of in Chinese microblog texts. They defined objectivity as sentiment
neutrality, but the application is limited to brand and company reputation analy-
sis. Unankard et al. [16] developed a framework for predicting election results
using Twitter messages, in which message and user sentiments are calculated
based on positive and negative word counts. Since observation messages are not
strongly related to message sentiments, filtering personal observations, however,
requires technique beyond sentiment analysis.

3 Filtering Methodology

Our method filters observations of objects and events from personal accounts,
by performing the following steps. First, we identify observations from collected
tweets for a specific keyword. Second, using also the collected tweets, we distin-
guish personal accounts from other types of accounts. A personal account is a
Twitter account employed for personal use, and is assumed to be free from busi-
ness or propaganda interests. Our insight is that tweets from personal accounts
often contain realtime and localized observations of objects and events. Finally,
from the observation tweets identified in the first step, we retain only those made
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from personal accounts. These personal observations of objects and events have
proved useful in previous works for scenarios such as disaster location and rumor
detection [5,12].

An overview of our method is shown in Fig. 1. To identify observation tweets,
we run lexical analysis on tweet texts based on the par-of-speech (POS) tag-
ging, objectivity analysis, and originality test. To identify personal accounts,
we first analyze four attributes for each user, namely, objectivity, interactivity,
originality, and topic focus. Then we use a clustering algorithm for classifying
personal accounts based on the attribute values. We describe our method below.

Twitter Filter APl Twitter User Timeline API
Tweet User User Past
Tweet Text Tweets

User Profiling

Lexical AnalySiS Objectivity || Interactivity
’ Part-of-Speech Tagging ‘ l;rgglljcs Originality

’ Message Objectivity ‘

’ Originality Test ‘ Personal Account

Classification

Observation Personal
Tweets Accounts

W

Observations from Personal Accounts

Fig. 1. Method overview

3.1 Observation Filtering

After using the Twitter Filter API? to obtain tweets that contain the object or
event keyword such as “rainbow” or “car accident”, our lexical analysis method
focuses on extracting observation tweets. Not all tweets containing the keywords
are observations of objects and events, since in some cases the keywords can
have another semantic, context-based meaning, and the objects and events can
be mentioned in general comments instead of specific observations, e.g., “I dis-
like car accidents”. We address this by utilizing three techniques, namely, par-
of-speech (POS) tagging, objectivity analysis, and originality test. POS tagging
allows filtering of messages in which the object or event keyword is not used as
a subject of observation. Objectivity analysis allows filtering of uncertain mes-
sages, such as questions and general comments. Originality test removes messages
that are not originally created by the user, such as retweets or quotations.

2 https://dev.twitter.com /streaming/public.
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Filtering Based on Part-of-Speech Tagging. Our insight is that the objects
and events mentioned in an observation are most likely to be nouns and gerunds,
such as in “I just saw a rainbow”, or “A shooting outside my home”. On the
other hand, keywords not used as nouns and gerunds often indicate that the
tweet is not a specific observation. Some examples of non-observation tweets are
shown in Table 1, with the role of the keyword determined by POS tagging.

Table 1. Non-observation tweets filtered by POS tagging, for monitoring flight delay,
shooting incidents, and rainbows

Tweet text POS
Keep praying for the typhoon to magically delay my flight a day VB

Can we pretend that airplanes, in the night sky, are like shooting stars? | JJ

This guy got on a rainbow colored LV belt JJ
VB = base form verb, JJ = adjective.

POS tagging is a technique that matches words in a text with their part-
of-speech categories, such as modal, noun, verb, and adverb [13]. We use a
filtering rule on top of POS tagging to effectively remove a portion of tweets
that are clearly not observations. After performing POS tagging for a tweet, we
accept it if the POS tag for the keyword is NN (Noun, singular or mass), NNP
(proper noun, singular), and VBG (verb, gerund or present particle). The tweet
is rejected if the keyword has other POS tags.

Filtering Based on Objectivity Analysis. Our insight is that a specific
observation of an object or event usually is written in a more objective tone
than a general tweet. Generally, the objectivity of a message is affected by senti-
mental words and uncertain words, such as “great”, “bad”, “maybe”, “anyone”.
Sentimentality and uncertainty as factors for determining message objectivity
has already been proposed in existing works [1,10]. We calculate tweet objectiv-
ity based on both sentimentality and uncertainty, using the following formula:

objectivity(t) = 1 — [senti,(t) + 0.5 x senti, (t)]
x (1 — y/uncertainty(t))

where sentiy, is the positive sentiment and senti,, is the negative sentiment. In
our previous works, we have found that negative sentiments have a large presence
in observation messages [20]. We follow this insight here and we weight down the
effect of negative sentiments on reducing the objectivity in the formula. Further-
more, since uncertainty plays an important role in determining the objectivity of
a message, as discovered in [10], we increase the effect of uncertainty by scaling
it to a larger value.

For sentiment analysis, we employ previously proven effective methods, which
employ a positive/negative words dictionary and the slang sentiment dictionary
[16]. The positive and negative sentiments of a tweet text ¢ are measured as:
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ty(t

senti,(t) = county(t)
county, (t)

tn(t

senti, (t) = countn(?)

county, (t)

where count,(t) and count,(t) are the word count for positive and negative
words in ¢, and count,,(t) is the word count of t.

For uncertainty analysis, we use a dictionary of uncertain words based on the
LIWC category of hesitation words [15]. To measure the uncertainty of tweet ¢,
we consider the number of uncertain words in the text, and whether it is a
question.

. 0.5, if t ends with a question mark
uncertainty(t) = § count. (1)

m s otherwise

where count,,(t) is the word count for uncertain words in ¢.

Originality Test. Our analysis of various datasets show that sometimes per-
sonal users may repeat some messages created by other users, which do not count
as their own observations. The repeated messages not only produce redundancy,
but also generate noises for analysis. Thus it is crucial to determine message
originality. We proposed a set of rules to determine non-original messages based
on message content, as shown in Table 2. A message satisfies any of the rules in
the table is considered non-original, and will be filtered out.

Table 2. Originality test rules

Rule Explanation

Retweet Contains the word RT

Quotation Contains quotation marks

Speech Mention or capitalized word before colon

News title All words capitalized before link

Repeat Contains “says”, “claims”, “via”, or “according to”

News mention | Mention contains “news”, “radio”, or “breaking”

News agent Mention contains news agent name such as “ABC” or “CNN”

Some repeated messages are easy to identify, such as retweets, which have
“RT” at the beginning of the messages. Other forms of repeated messages can be
more difficult to spot, such as indirect quotes, which often but not necessarily
contain the word “says” or “claims”. Given the various ways a message may
be repeated, the rules listed in Table2 do not cover all non-original messages.
Nevertheless, we found these rules to filter out most of the repeated messages.



Object and Event Monitoring on Twitter by Lexical Analysis 25

Algorithm 1. Lexical Analysis on Single Tweets
INPUT: keyword w, tweet set T', objectivity threshold 6
OUTPUT: obervation labels O

1: set all o € O as false

2: for each t € T' do

3: run POS tagging for ¢

4: if POS tag for w € {NN,NNP, VBG} then
5: pp «— true

6: end if

7 if objectivity(t) > 0 then

8: po «— true

9: end if

10: if ¢ fails all rules in Table 2 then
11: pt < true

12: end if

13: ot < pp A po N\ pt

14: end for

Lexical Analysis Algorithm. Algorithm1 describes our lexical analysis
method. The input is a keyword w, and a set T of tweet texts containing the
keyword. The output is a set of predictions of whether each tweet text ¢t € T is an
observation, O. In line 7, we use a parameter 6 to control the level of objectivity
a tweet requires to meet to be considered an observation. The default value for
0 is the first quartile of overall objectivity in the tweet set.

3.2 User Profiling for Personal Account Classification

Previous works have shown that news generated from personal observations on
Twitter can be much faster than traditional media, and the implicitly-associated
location data can be used for localizing the object or the event [12,19]. However,
there are many Twitter accounts that are not for personal use, and do not have
the same time and location association for their observation messages, and while
they add noises to the data collected, it is usually difficult to distinguish them
from personal accounts. The main issue is that all accounts on Twitter uses the
same format to store data, and usually there is no effective way to judge the
type of account other than looking at the content of the account posts directly.
These accounts include news, business, activist and advertisement accounts. We
call these latter types of accounts specific-purpose accounts, and show some well-
known examples in Table 3.

Table 3. Examples of specific-purpose accounts

News Q@cnnbrk Qwsj @foxnews @huffingtonpost @bbcworld @politico
Business | @QAdamDenison @GMblogs @MarriottIntl @chicagobulls @Marvel
Activist | @QGreenpeace @femmajority @QOU _Unheard @freedomtomarry
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Our study of personal and specific-purpose accounts leads to the following
observations:

— News accounts tweet about various topics in a strictly objective tone. Their
tweets usually contain links to Web articles. Depending on the specialty, a
media account can cover a wide range of topics.

— Business accounts contain conversations, observations, and product promo-
tions, but the range of topic is limited to the specific business.

— Activist and advertisement accounts rarely use objective tone, and their range
of topics is also limited.

A personal account, however, does not have such clear-cut characteristics as
specific-purpose accounts, and usually contains a mix of information sharing,
conversation with other users, and original content that covers various topics.
We propose that:

Conjecture 1. A personal account has moderate levels in objectivity, interactiv-
ity, originality, and topic focus.

We use various statistics generated from Twitter data to calculate the levels
of objectivity, interactivity, originality, and topic focus for Twitter users. Here
we assume these user qualities are consistent over time and do not easily change.
There are rare cases that the profile of a user changes drastically, for example,
caused by a job change, but currently we do not consider such cases. To profile
a user, first we collect a set of past tweets made by the user, H. Then we select
the original tweets in H based on the rules described in Table2, as OH =
{ohy,0hs, ...,oh;}, where |OH| = I.

The objectivity of a user is calculated based on the objectivity of each tweet
in OH: l

Z objectivity(oh;)
Uobjectivity — =1 I

The interactivity of a user is calculated based on the number of tweets containing
mention mark “@Q” in H:

counta (H)
Uinteractivity — T

The originality of a user is calculated based on the fraction of original tweets
in H. ;

Uoriginality = ﬁ

To calculate a user’s topic focus, we count the frequency of each topic word
for all topic words appearing in OH. For simplicity, we consider a topic word
as a word that starts with a capital letter. The first word in a sentence is
ignored. Once we have a descendingly-sorted list of topic word occurrences
{nty,nta, ...,nt}, the topic focus of a user is calculated based on the fraction of
the first quarter of the most frequent topic words:
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n/4

Znti
i=1

n
Zntj
j=1

A user is thus profiled by the quadruple:

Ufocus =

u= {uobjectivitya Uinteractivitys Woriginalitys ufocus}’

3.3 Personal Account Classification with Profiles

We propose an algorithm for automatically identifying personal accounts based
on the user profile. First we define the difference between two user profiles u
and ug as the Euclidian distance between two profiles:

d(ur, uz) = Z (u1 — u2)?
where

2 _ 2
§ (ul - u2) - (uobjectivityl - uobjectim'tyZ)
2
+(uinteractivity1 - uinteractivityZ)
2
+(uoriginality1 - uoriginality2)

+(ufocusl - ufocus2)2

Following Conjecture 1, we see that the attributes of a personal account are
usually closer to a set of mean values while a specific-purpose account usually
holds more extreme values. Therefore we propose that:

Conjecture 2. Given a set of user profiles U, which contains personal account
profiles P and specific-purpose account profiles S, there exists a mean profile a,

such that Z d(p,u) < Zd(s,ﬂ).

pEP ses

While it is difficult to prove Conjecture2, we find it generally true in our
analysis, as we will show with our experiments. Given a set of user profiles U,
and a mean profile 4, we can separate from U a subset C' that is more likely to
contain personal accounts, by selecting profiles that have shorter distance to «.

We devise an iterative algorithm for finding the mean profile @. Intuitively,
we can use the mean attribute values of all profiles in U. However, the extreme
attribute values of the specific-purpose account profiles can bias the mean sig-
nificantly, making it inaccurate for deciding personal accounts. In Algorithm 2,
we use an iterative approach and a cluster size threshold ¢ for selecting a cluster
of |U| x ¢ profiles that are close to an unbiased . Starting from an initial mean
profile @, the algorithm alters between cluster updating (line 2, 6) and mean
updating (line 4 and 5). In the cluster updating step, a number of profiles close
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to the mean are selected. In the mean updating step, a new mean is calculated
based on the selected profiles. If there are extreme values that cause a bias in the
cluster, the mean will move away from the bias, and replace the extreme value
profiles with more average profiles in the cluster. The output of the algorithm,
F, is a set of personal account predictions.

Algorithm 2. Predicting Personal Accounts
INPUT: user profiles U, mean profile w0, selected cluster size §
OouTPUT: F
1: set all f € F as false
: C'«— |U| x § profiles closest to o
: while C # ¢’ do
' —C
4 < mean attribute values of profiles in C
C — |U| x ¢ profiles closest to @
end while
: for each w € U do
9: if v € C then
10: fu — true
11: end if
12: end for

PP W

While Algorithm 2 generally finds a good mean profile that separates personal
accounts and specific-purpose accounts. However, depending on the choice of
the initial mean g, the algorithm sometimes produces undesirable results. To
address this issue, we derive a particle swarm optimization (PSO) algorithm for
finding the optimal .

PSO is an optimization technique that takes a population of solutions, and
iteratively improves the quality of the solutions by moving them toward the best
solution in each iteration [4]. A solution in our PSO algorithm is an initial mean
up to be given to Algorithm 2. A PSO algorithm requires the definition of the
quality measure and the solution movement. To define the quality of a solution,
we rely on our initial observation that personal accounts exhibit higher variance
than any types of specific-purpose accounts. Therefore we propose that:

Conjecture 3. Given two user profile clusters C7 and Cs, if the profiles in C; are
more diverse than Cs, than C is more likely to contain personal accounts.

We use pairwise profile differences to calculate the diversity of profiles in a
cluster, C' = {c1, ¢, ..., 1. },

k-1 k&
2 X Z Z d(Ci,Cj)
i=1 j=i+1
k-(k-1)
For the solution movement in PSO, we set a moving speed v so in each
iteration, a solution p moves towards the best solution p; as:

div(C) =

pe—p+(p—p) v (1)



Object and Event Monitoring on Twitter by Lexical Analysis 29

Our PSO algorithm is shown as Algorithm 3. It starts with a number of
random solutions (line 1) and for each solution, a profile cluster is generated
using Algorithm 2 (line 2 to 4). Then iteratively, the PSO algorithm moves the
best solution towards an optimal solution by comparing the cluster diversity
with each solution (line 5 to 13).

Algorithm 3. PSO for Finding Optimal ug
INPUT: user profiles U, selected cluster size §, number of particles n, speed v
OUTPUT: p,

1: randomly choose n solutions P in the solution space
2: for each p € P do

3 generate a cluster C)p, using Algorithm 2

4: end for
5: pp < p with highest div(Cp)
6
7
8

: while p, # p}, do

Pb < Po
: for each p € P do
9: p—p+(m—p)v
10: generate a cluster C), using Algorithm 2

11: end for
12: py — p with highest div(Cyp)
13: end while

The optimal initial mean produced by Algorithm3 can then be used in
Algorithm 2 for selecting the cluster of personal account profiles. Although
Algorithm 3 requires two more parameters, during our experiments we find the
effect of changing n and v negligible for any n > 1,000 and v < 0.2, as the
solution already reaches optimal values. Therefore we can confidently set n and
v to fixed values. The only parameter that still affects the classification result is
the cluster size parameter §, which controls the portion of profiles in the data
to be selected as personal account profiles.

Algorithm 4. Filter Observations from Personal Accounts
INPUT: keyword w, messages M, objectivity threshold 6, selected cluster size §
OUTPUT: R
1: set all r € R as false

T «— tweet text from M
U « user profiles from M
O < run Algorithm 1 with w, T, 0
pp < run Algorithm 3 with U, ¢
F «— run Algorithm 2 with U, py, §
for each m € M that has text ¢ and user profile u do

if o A f, then

T'm < true

end if

: end for

_ =




30 Y. Zhang et al.

3.4 Overall Algorithm

Algorithm 4 identifies observations from personal accounts. Given the input of a
keyword w and a set of tweets M, and the control parameter 6 and ¢, the output
is a set of predictions, R, of whether each respective tweet is an observation of
the object or event of interest from personal accounts.

4 Experimental Analysis

We tested the effectiveness of our method for filtering personal observations on
Twitter with two real Twitter datasets, comprising of a controlled dataset and
a crowd-sourced dataset. In this section, we present the setup, measurement,
baseline methods, and results of our experiments in detail.

4.1 Experiment Setup

We implemented the algorithms presented in the previous section in Java. The
experiments were run on a MacBook Pro laptop computer, with 2.3 GHz Intel
Core i7 CPU and 8 GB 1600 MHz DDR3 memory. We deployed an existing
implementation for POS tagging. After comparing several existing POS tagging
implementations including OpenNLP and LingPipe, we chose Stanford NLP POS
module to run our POS tagging because it is relatively fast and provides a high
tagging accuracy of around 95 % [9].

For parameter 0 in Algorithm 1, we chose the first quartile of overall objectiv-
ity in the dataset for all experiments, which generally provides good results. For
parameter d, we compared three different values, including 0.7, 0.8, and 0.9. To
ensure the consistency of the experiments, instead of randomly choosing initial
values for the particles in Algorithm 3, we chose combinations of evenly distrib-
uted values for the four attributes as the initial values, i.e., 0.2, 0.4, 0.6, 0.8, and 1.
Our analysis shows that randomly initialized particles provide similar results. For
user profiling, up to 1,000 recent tweets were collected for each user using Twitter
Timeline API.

4.2 Baseline Methods and Comparison Metrics

We compared our approach with three baseline filtering strategies, namely,
Accept All, Sakaki filter, and Sriram. Accept All takes all tweets in the dataset
as the positive for personal observations. Sakaki classifier, proposed by Sakaki
et al. in [12], is a supervised method that deploys a Support Vector Machine
(SVM) classifier with linear kernel built on manually annotated training data.
Among the three feature sets proposed in [12], we implemented the reportedly
most effective set, Feature Set A, which is based on word counts and keyword
positions. We deployed an existing SVM implementation in an R language pack-
age called e10713. We used a weighting function according to class imbalance to
ensure optimal performance of the classifier. The performance of the Sakaki clas-
sifier was measured using the three-fold cross validation. One drawback of the

3 https://cran.r-project.org/package=el071.
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Sakaki classifier is that it requires the presence of a keyword. The user profiling
in our approach, though, does not have this requirement.

The Sriram classifier, proposed by Sriram et al. in [14], is also a supervised
method that is based on eight features and the Naive Bayes model. The eight
features include author name, use of slang, time phrase, opinionated words, and
word emphasis, presences of currency signs, percentage signs, mention sign at
the beginning and the middle of the message. The evaluation is based on the five-
fold cross validation. The Sriram classifier is shown to be effective in classifying
tweets into categories such as news, opinions, deals and events, but has not been
tested in other applications.

All datasets for evaluation were manually annotated according to whether
each tweet is a personal observation of an object or event of interest, which were
considered ground truth in our experiments. The output of the filtering methods
were compared with the manual annotations. If a filtering output is positive in
manual annotations, it is considered a true positive. We use precision, recall
and f — value as the measurements of filtering accuracy, where given the set of
positive filtering results P and the set of true positives in the dataset TP, The

_ lPATP| _ |POTP|

. e
precision = —rpr—, recall TR and f-value = 2 . precsionreca

precision+trecall

4.3 Effectiveness on Controlled Datasets

We first tested our method on two controlled datasets. We collected a dataset
of around 5,000 tweets containing the keyword hailstorm during August, 2015,
and a dataset of around 5,000 tweets containing the keyword car accident during
September, 2015. After removing retweets and tweets containing links, we man-
ually labelled the remaining tweets as positive or negative examples, according
to whether the message is about a direct observation of a hailstorm or a car
accident. The resulted hatlstorm dataset contains 675 tweets, with 251 positive
examples and 424 negative examples. The labelled accident dataset contains 954
tweets, with 347 positive examples and 607 negative examples.

We tested the filtering methods on the two datasets. Accuracy results for
the baseline methods, lexical analysis-only filtering (LX), and lexical analysis
combined with personal account filtering using three § values, PA(§ = 0.9),
PA(6 = 0.8), and PA(§ = 0.5), are presented in Table4.

As shown in the table, the Accept All strategy captured all the positives in
the annotations and had the maximum recall of 1. All other methods improved
the precision by sacrificing the recall to some degree. Personal account filtering
with d set to 0.9 achieved the highest overall performance, indicated by the
highest f-value. Using lexical analysis only and PA with 6 = 0.9 and delta = 0.8
all performed better than the Sakaki classifier and the Sriram classifier, the latter
of which provided almost no filtering effect in the hailstorm dataset. Setting ¢ to
a lower value improved the precision but also lowered the recall. When setting
0 to 0.5, PA achieved the highest precision, while still held a relatively high
f-value. The performance of all methods were consistent across two datasets,
with LX improving precision from the Accept All strategy by around 15 % and
PA(6 = 0.9) further improved it by 5 %7 %.
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Table 4. Filtering accuracy for hailstorm and car accident datasets

Accept all ‘ Sakaki ‘ Sriram ‘ LX ‘ PA(§ =0.9) ‘ PA(§ =0.8) ‘ PA(§ =0.5)

Hailstorm dataset

Precision | 0.37 0.43 0.37 0.53]0.62 0.64 0.70
Recall 1 0.70 0.98 0.80|0.76 0.71 0.46
f-value 0.54 0.53 0.54 0.63|0.68 0.67 0.56
Car accident dataset

Precision | 0.38 0.50 0.44 0.53 | 0.58 0.59 0.60
Recall 1 0.73 0.84 0.76 | 0.74 0.69 0.43
f-value 0.55 0.60 0.57 0.63|0.65 0.64 0.50

4.4 Effectiveness on Crowd-Sourced Dataset

We tested our approach on a publicly available dataset produced by Castillo
et al. [11], and is available online. The dataset contains around 20,000 tweets
related to crisis events, such as the Colorado wildfires and the Pablo typhoon in
2012, and the Australia bushfire and New York train crash in 2013. These crisis
tweets were manually annotated by hired workers on Crowdflower, a crowd-
sourcing platform®. The tweets were labelled according to their relevance to
the crisis event, and the type of information they provide into four categories,
namely, related and informative, related but not informative, not related, and not
applicable. The seven information types include Eyewitness, Government, NGOs,
Business, Media, Outsiders, and Not applicable.

We consider that the Eyewitness-type tweets in the dataset are personal
observations, while other types of tweets are not. Hence we expect our approach
to filter Eyewitness tweets from other tweets. With this goal, we re-organized the
dataset. First we selected two categories of related tweets from the dataset. Then
we selected five information types of tweets: Eyewitness, Government, NGOs,
Business and Media. We then produced a list of labels, with Eyewitness tweets
as positives, and other types of tweets negatives. We also removed retweets from
the data. Our labelled dataset had 3,646 tweets with 528 positives.

Since the tweets do not contain a specific keyword, we did not run POS and
objectivity analysis. The Sakaki classifier is not applicable without a keyword. As
such we ran the originality test in the lexical analysis and the personal account
classification, and compared only to the Sriram classifier (Table 5).

The results are similar to previous experiments, where PA (6 = 0.9) achieved
the highest f-value and PA(§ = 0.5) achieved the highest precision. The lexical
analysis was particularly effective for this dataset, improving the precision by
around 38 %, mainly because the dataset includes a large portion of news mes-
sages, which failed the originality test. After the lexical analysis, PA(6 = 0.9)
further improved the precision by 12 %. Both LX and PA(6 = 0.9) significantly
outperformed the Sriram classifier.

* http://crisislex.org/.
5 http://www.crowdflower.com/.
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Table 5. Filtering accuracy for the crisis dataset

Accept all | Sriram | LX | PA(§ =0.9) PA(6 =0.8) | PA(§d = 0.5)
Precision | 0.14 0.32 0.52]0.64 0.64 0.65
Recall 1 0.52 0.4710.50 0.48 0.27
f-value |0.24 0.40 |0.470.56 0.55 0.38

5 Conclusion

Personal observations of objects and events published on micro-blogging plat-
forms such as Twitter are an invaluable information source, and can be utilized
in applications such as natural disaster tracking and crime monitoring. However,
given the various ways users post messages and the large variety of account types,
information about a particular object or event is usually noisy and misleading.
Thus it is critical to develop a novel approach that filters out noises before
the information can be further utilized. Current filtering approaches based on
supervised machine learning techniques require large manual efforts and thus are
impractical in many scenarios.

In this paper, we propose an unsupervised message filtering approach that
consists of a lexical analysis module, which examines the message, and a per-
sonal account classification module, which examines the message history of the
user and determines if the user account is a personal account. We tested our
approach extensively on real Twitter datasets. For the controlled dataset, our
method consistently improves the precision by around 22 %, with the lexical
analysis module improves it by 15 %, and personal account classification fur-
ther improves it by 7%. We see even higher improvement in a crowd-sourced
dataset, increasing the precision from 14 % to 65 %. Compared with the Sakaki
classifier and the Sriram classifier, our approach was able to achieve more than
10 % higher accuracy. In the future, we will continue to investigate unsupervised
methods for further filtering accuracy improvement by incorporating location
and name-entity analysis.
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