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ARTICLE INFO ABSTRACT

Keywords: Resource management is an essential task that needs to be performed by the government or any disaster
DiS{'Stﬂ‘ management management agency during natural disasters. During these critical circumstances, people mostly depend upon
Social media a social media platform to share and collect information about the situation of the affected localities. The

Forest optimization
Feature selection
Classification

huge volume of real-time data can be useful in disaster assessment, response, and relief activities. We have
presented a system which analyzes tweets during natural disasters and categorizes them according to the
availability or need for general or medical resources along with their location information (if any) mentioned
in the tweets. Several statistical classifiers are applied to show their usefulness for a better solution. Optimal
feature representation is the heart of any machine learning based classification model. Here, we have applied
a forest optimization-based wrapper feature selection algorithm to improve the classification accuracy. FIRE,
SMERP, and CrisisLex dataset are used to evaluate our system and its effectiveness is demonstrated for smooth
management of the resources. From the experimentation, it is found that forest optimization algorithm (FOA)
wrapped multinomial naive bayes classifier gives an accuracy of 91.41 percent and f-measure of 88.33 percent
on the FIRE dataset. The execution time of the model is quite less which will be very helpful for this challenging

task.
1. Introduction to a minimum level with the help of proper disaster management
system (Goolsby, 2010},

Social Networks are becoming popular day by day since the last Communication is one of the rudimentary tools for disaster man-
decade. Social media applications such as Twitter, Facebook, What- agement. During disasters, there is an increased communication since
sApp, and many more are the major source of real-time data available  pegple seek to contact family, friends, and relatives in the disaster
online. In recent times, due to intensive use of smartphone, people  affected zone. They may also ask for information regarding food,

are very much active in social media during natural calamities. A
natural disaster is the effect of a natural hazard (e.g., flood, tornado,
hurricane, volcanic eruption, earthquake, heat wave or landslide) that
leads to financial, environmental or human losses. The resulting loss
depends upon the resilience of the affected population, and the disaster
management system (Velev & Zlateva, 2012). The natural hazard may
lead to disaster if there is any vulnerability in the management of
resources and responsibilities for handling all humanitarian aspects in
disaster response and recovery system. These losses can be reduced

shelter, electricity, medical facilities, transportation, and many more.
Traditional methods were used for data collection through phone calls,
direct inspection or interviewing the people for gathering informa-
tion (Hughes & Palen, 2009). However, in the past decade, social
media has played a significant role in disseminating information about
these disasters by allowing people to share information and ask for
help (Castillo, 2016). This increased communication in social media
during a disaster generates large volume of data. Hence, the data can be
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effectively used to evaluate damage, investigate impacted population,
and proper mapping of needful resources like water, food, medicine,
and shelter (Middleton, Middleton, & Modafferi, 2014). These data can
also be used as a time reference and resource mapping for different
geographical location based on the need of the affected people.

The managerial process normally includes planning, organizing,
directing, and controlling. The most important aspect of any disaster
management process is the allocation of finite resources. The resources
may be food, water, cloth, medicine, healthcare equipments, and gen-
eral infrastructures like electricity, mobile networks. Human resources
like healthcare personnel, electrical and network personnel are also
the most important entities during post disaster response and recovery.
Therefore, these highly essential resources must be transported to the
particular location based on the requirement or urgency. For this chal-
lenging task, social media texts collected during the disaster period may
be very much helpful. Our proposed system collects such tweets and
categorizes them based on the requirement or availability of resources
as defined in Table 5. This will be very much helpful for the disaster
management agencies to manage resources during the crunch period.

The extraction of useful information from social media text is a
tedious task. These unstructured texts are noisy due to presence of
so many spelling and grammatical errors, acronyms, genre-specific
phenomena, use of hashtags, mentions, and many more. However, with
the help of efficient text analysis techniques, these noisy texts can be
proved beneficial for resource management and relief operations. The
disaster management agencies may prioritize different operations based
on the requirements of the affected people along with their locations.
The objective of this work is to extract the information from tweets
collected within the duration of a disaster and categorize them into pre-
defined classes for efficient disaster resource mobilization. The FIRE,
SMERP, and CrisisLex datasets are used to evaluate our system.

In recent years, many embedding based models are suggested by
researchers which are performing satisfactorily for the tweet classifi-
cation task (Kersten, Bongard, & Klan, 2021; Naseem, Razzak, Musial,
& Imran, 2020; Zubiaga, 2020). The main limitations of these models
are their strong requirement for large scale training data and powerful
computational resources for implementation. These shortcomings moti-
vate us to think of an alternate solution which must be simple and quite
efficient with reasonable amount of training data. Unlike these models,
our suggested wrapper-based model is not so much dependent on high
volume of data and computational resources. In all these embedding
based text classification systems large volume of training sets are used
(mostly in thousands), whereas in our case its very less (in hundreds
only as it is difficult to find large number of tweets for each target
class). There are some pre-trained embedding models but they are not
robust enough to work satisfactorily on all type of datasets. In addition
to this, our model takes less time (i.e. around 97 s) in terms of execution
whereas all these sophisticated models are taking longer period of time
to complete the task.

The objectives of our research are mentioned in Section 2. The
related work is discussed in Section 3. Section 4 elaborates in detail
about the proposed methodology. The detail about the case study and
dataset is mentioned in Section 5. Results and discussion are presented
in Section 6. Finally, we conclude our work along with the findings and
future scope for improvement in Section 7.

2. Research objectives

During any disaster situation, essential resource mobilization is an
important task. Here, we have presented a system which utilizes the
social media text like tweets to perform this task in an optimum way.
We summarize our contributions as follows:

+ Our proposed system is a three-tier complex text categorization
system which can be used by disaster management agencies for
post disaster relief operations. The first two steps are used to

filter the non-disaster and non-relevant tweets from the collected
tweets set. The third step of our presented system categorizes the
tweets into the class of need or available tweets which may be
very helpful to locate the areas and their needful resources.

In the present era, embedding driven systems require powerful
resources and huge volume of data. Our proposed wrapper based
classification system competes in performance with them due to
better feature optimization.

This forest optimization algorithm (FOA) based wrapper system
used in our work is very efficient due to its simplicity and
performance.

3. Related work

In the last decade, online social networking sites such as Facebook,
Twitter, Instagram, Google+, and many more are providing various so-
cial media tools. During recent emergencies like Nepal earthquake and
Chennai flood in 2015, Haiti earthquake in 2010, Sichuan Earthquake
of China in 2008, the use of social media has increased significantly.
Currently, there is no established method to monitor these data so
that they can be effectively used for emergency services. The problem
of disaster management using social media has been touched upon
by researchers in various dimensions in last few years. A systematic
literature review (SLR) is performed using the SLR Tool' available
online (Kitchenham et al., 2009). It identifies, selects and critically
appraises research in order to answer a clearly formulated question. It is
quite helpful to filter qualitative articles published in top conferences,
journals, and workshops as many researchers are using SLR techniques
during their research works.

If we unfold the literature, Caragea, Kim, Mitra, and Yen (2010)
have suggested various feature representation techniques for learning
text classifiers like support vector machines (SVM) and naive bayes.
In Zielinski, Middleton, Tokarchuk, and Wang (2013), the authors
have presented four novel perspectives for natural disaster observa-
tions using intense Twitter crawling, analysis, geo-parsing, and tweet
classification. They have used this prototype as a decision support
system along with the tsunami warning system. Gattani et al. (2013)
have developed an application which processes Twitter data to extract
the named entities, and categorizes tweets into predefined topics. A
framework is recommended to enable the modeling of catastrophe and
its formulation for the technical study of catastrophic social media
outcomes (Houston et al., 2015), Ngai, Tao, and Moon (2015) have
discussed social media research that confers to a better interpretation
of the sources and consequences of the adoption and utilization of
social media. A real-time modeling system is presented to distinguish
areas which may have flooded using data collected only through social
media (Smith, Liang, James, & Lin, 2017). Social media extends options
for engaging citizens in the crisis management by both spreading
information among public and accessing it back from them (Simon,
Goldberg, & Adini, 2015). Khalifa, Redondo, Vilas, and Rodriguez
(2016) have proposed to mine geo-tagged data from location-based
social networks in order to analyze urban mass confirming to different
parameters such as size, period, configuration, inspiration, cohesion,
and propinquity.

In the recent past, a crisis and emergency risk communication
(CERC) model has been developed to manage crisis and its implications
for emergency management organizations (Lachlan, Spence, Lin, Najar-
ian, & Del Greco, 2016). A real-time tracking system is introduced for
large social media data, named social big board, for crisis management,
which exhibits crisis issues and trends in a plot (Choi & Bae, 2015).
Cresci, Cimino, Dell’Orletta, and Tesconi (2015) have proposed a two-
fold crisis mapping system for damage detection using SVM classifier
and finding the location using the geo-parsing technique. An algorithm

! https://www.slr-tool.com/Identity/Account/Login
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is proposed to detect the states of an event with the help of web-based
resources in order to make people clearly aware of an emergency event
and assist the social group or government to effectively exercise the
emergency events (Xu et al,, 2016). A multi-stage process is proposed
to extract meaning for generating corroborated emergency reports from
social media data (Andrews, Gibson, Domdouzis, & Akhgar, 2016).
Kryvasheyeu et al. (2016) have showed that actual and perceived risk,
together with physical catastrophe effects are immediately noticeable
through the extremity and configuration of Twitter’s message stream. It
is also established that the per-capita Twitter activity firmly associates
with the per-capita economic damage imposed by the hurricane. Emer-
gency services have not used the social media properly either to tell
their state of awareness and retaliation or to convey the citizens what
duty they should perform (Spielhofer, Greenlaw, Markham, & Hahne,
2016). A two-phased sentiment analysis framework is suggested for in-
formal Turkish text-based on aspect extraction and matching of aspects
to their corresponding sentiment words present in the text (Karagoz,
Kama, Ozturk, Toroslu, & Canturk, 2019). In Reynard and Shirgaokar
(2019), the authors have suggested strategies for extracting information
from tweets, and presents possible ways to establish a probability-
based understanding of needs to mentor disaster management agencies.
Dynamic acquisition and processing of social media data in the run
time can further improve the performance of any disaster management
system (Kabir, Gruzdev, & Madria, 2020). In Behl, Rao, Aggarwal,
Chadha, and Pannu (2021), the authors have tried to explore the
reusability of previously trained disaster models on recent COVID-19
pandemic data for its testing.

Here, the problem which we have attempted to address is a com-
plex text categorization problem. In the literature, several text cat-
egorization methods are proposed for structured text like newswire
text (Aphinyanaphongs et al., 2014; Lai, Xu, Liu, & Zhao, 2015; Wang,
Zhang, Liu, Lv, & Wang, 2014). However, these state-of-the-art sys-
tems do not perform satisfactorily on social media text, like tweets
and Facebook posts due to the presence of noise. Therefore, a ro-
bust disaster resource management system using social media text
classification is the need of the hour. Like other classification tasks,
feature selection may be an important step in the text classification
task to improve the accuracy. In the literature, several feature selection
approaches are proposed by the researchers for the text classification
task (Aphinyanaphongs et al., 2014; Chandrashekar & Sahin, 2014).
A handcrafted feature selection-based approach is suggested by Sri-
ram, Fuhry, Demir, Ferhatosmanoglu, and Demirbas (2010) to improve
the tweets categorization accuracy. Jiang, Liou, and Lee (2011) have
recommended a fuzzy-similarity based self-constructing feature clus-
tering approach for efficient text classification. Therefore, selection of
the most relevant features can be an important step along with the
classification algorithm to improve the accuracy of our disaster man-
agement system. Many optimization based feature selection algorithms
are also used for this categorization task (Boussaid, Lepagnot, & Siarry,
2013). An ant colony based feature selection technique is suggested
by Tabakhi, Moradi, and Akhlaghian (2014) to select the optimal fea-
tures to improve the classification accuracy. Zhang, Wang, Phillips, and
Ji (2014) have used a binary particle swarm optimization based feature
selection algorithm for the spam detection task. A genetic programming
based new encoding scheme of hierarchical structure is suggested
by Arif, Li, and Igbal (2017) to classify high dimensional real-valued
feature vectors for social media text categorization task. Nguyen, Yang,
Zhu, Li, and Jin (2018) have proposed a heuristic reinforced learning
for scheduling natural disaster emergency response. Researchers have
also surveyed on many metaheuristic-based algorithms to find their
strengths and weaknesses on different problem domains (Dokeroglu,
Sevine, Kucukyilmaz, & Cosar, 2019; Hussain, Salleh, Cheng, & Shi,
2019).

Recently, FOA is applied in many problem domains for efficient
feature selection and dimensionality reduction (Kostrzewa & Brzeski,

( Crawled tweels )
&4

| Pre-processing of tweets |

1

[ Dictionary J:'.d Lexical normalization of tweets |<:=(Sac|al media corpus

| Extracting the named entitics ‘

&

Tagging of tweets with the help
of human annotator

|

Calculating the fearure matrix of ‘

the tweets set

1

| Feature selection |

!

Classitying tweets using machine
learning technigues

&

( Tagged tweets

Fig. 1. Solution architecture.

2019; Nouri-Moghaddam, Ghazanfari, & Fathian, 2021). In Naz, Za-
far, and Khan (2019), the authors have suggested an ensemble based
sentiments categorization system employing FOA. Mohanty, Rup, Dash,
Majhi, and Swamy (2018) have proposed a FOA based feature selection
approach for effective mammogram classification. FOA is hybridized
with other evolutionary algorithms for selecting the optimal features
in gene expression data (Baliarsingh, Vipsita, & Dash, 2020; Nouri-
Moghaddam, Ghazanfari, & Fathian, 2020). It is applied on many UCI
repository datasets and found to be robust for machine learning based
applications. All these recent successes of FOA motivated us to apply
this tree based algorithm for this resource mobilization task during any
emergency situation.

The misclassification is a common problem in the analysis of Twitter
data. In the sentiment analysis task, few works have been devoted to
minimize the misclassification rate. Parikh and Movassate (2009) have
identified various spelling issues for this task and proposed methods
to handle these errors for reducing this rate. In Zhang and Desouza
(2014), the authors have suggested that the misclassification rate can
be lowered down by reducing the sparseness of the feature matrix
and by grouping some terms or features that often appear together.
Bakliwal et al. (2013) have presented different reasons for misclas-
sification, like focus only on adjectives, absence of sentiment words
etc., and has considered a combination of feature and lexicon based
approach to reduce the misclassification rate. In addition to these
techniques various deep learning based approaches are suggested for
text categorization (Kang, Choi, & Lee, 2019). However, they have
requirement for strong hardware support and enormous training data.
Due to these limitations, traditional machine learning model with good
feature selection algorithm is still needed for many tasks. From the
recent literature, it is found that multinomial naive bayes works quite
well on textual data (Hossain, Sharif, & Hoque, 2020). In several nat-
ural language processing (NLP) applications, multinomial naive bayes
is shown as an accurate, fast, and reliable classifier. It is quite efficient
for analysis of microblogs contents like emotion detection, sentiment
polarity detection, business review, and many more (Delizo, Abisado, &
De Los Trinos, 2020; Khotimah & Wasono, 2020; Sharupa et al., 2020).
It may be due to the multinomial distribution of features in microblogs
which encouraged us to apply it on our noisy text to find a robust
solution for disaster resource mobilization task.
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4. Proposed methodology

The proposed system classifies the tweets related to natural disasters
into different pre-specified categories. The categories are based on the
requirement or availability of different kind of resources during natural
disasters. The architecture of the proposed system is depicted in Fig. 1.

4.1. Crawling and preprocessing of tweets

We have crawled the tweets from the Twitter using their APIs
available. The crawled tweets are from certain duration during any
natural hazards using a list of disaster related keywords. It may also
contain non-disaster tweets along with the disaster tweets. So, first
we need to classify the disaster related and unrelated tweets from this
tweet set.

After crawling the tweets, we preprocess each of the tweets avail-
able for classification. Twitter provides a facility for its users to use
their own language other than English. Hence, a language identifi-
cation module is used to filter only the English tweets. Then, the
user IDs, URLs, email IDs, HTML tags (if any present) are removed
from the tweets. Finally, various delimiters such as comma, semicolon,
colon, period, and extra spaces are removed from the tweets in the
preprocessing.

4.2. Lexical normalization of tweets

Text normalization is one of the most important task for any NLP
applications. Its importance is still more for any application based
on informal text (Han, Cook, & Baldwin, 2013). The common noises
present in these microblogs are missplellings (e.g., earthqake — earth-
quake), phonetic substitutions (e.g., 4 m — from), shortenings (e.g., fwd
— forward), acronyms (e.g., NM — not much), slang (e.g., troll), em-
phasis (e.g., nooooo — no), and punctuation (dont — don't). To make
our proposed system a reliable one, we need a robust normalization
mechanism. Here, we have applied a neural Seq2Seq model along with
the hybrid neural model that utilizes a word based encoder—decoder
architecture for in vocabulary tokens and a character level sequence to
sequence model to correct complex normalization errors (Lourentzou,
Manghnani, & Zhai, 2019).

4.3. Extracting the named entities

In this phase, we have extracted the location and organization
entities from the tweets using GATE Twitter named entity recog-
nizer (Bontcheva et al., 2013). These two attributes (location and
organization names) are used as handcrafted features during classifica-
tion. The word capitalization is an important feature for named entity
recognition, which is used to extract the named entities. The country
name is important in the location list, however, the dataset we have
considered, i.e. Nepal earthquake, is only restricted to one country.
Keeping this in view, we have eliminated the country names from the
location list and did not consider a country name as location in this
case.

4.4. Tagging of tweets with the help of human annotators

There are many statistical machine learning algorithms available for
classification. It is observed from the literature that if labeled data is
available, then supervised algorithms may give better results than that
of the unsupervised algorithms. The main focus of this work is resource
mobilization during a disaster with prime emphasis on medical domain.
Keeping this in view, we have identified eight class labels or tagset
i.e. FMTO to FMT7 in line with FIRE 2015 tagset which is described
in Table 5 of Section 5. The tagging task has been carried out by ten
students individually. Hence, for maintaining uniformity in the process

Table 1
Kappa measures for human annotators.
SLNo.  Annotator pair Kappa measure

Student-1 & student-2 0.83
Student-3 & student-4 0.8
Student-5 & student-6 0.75
Student-7 & student-8 0.70
Student-9 & student-10 (.84
Average among all 0.78

LA e

we have computed the inter judgmental agreement (Kappa measure)®
among various pairs of students for few tweets. The average value of
Kappa measure computed over various pairs of students is 0.78. This
score signifies the proportion of times the annotators (students) would
be expected to agree by chance. The details regarding this experiment
are mentioned in Table 1.

4.5. Calculating the tf idf matrix of tweets set

The tweets are stemmed with the porter stemmer after the tagging
of tweets is done successfully. There are many common words in the
tweets which do not contribute to the classification accuracy. These
stopwords need to be removed. In the stopword list, we have not
removed words such as not, have, have not, do not, had, had not,
does not, and many more, as these words are important features for
classification of the resource into required or available classes. After
stemming, the tf idf score of each tweet is calculated to represent the
tweet set into a feature matrix. Here, we have considered each tweet
as a sample and each distinet word in the tweet set as a feature in the
feature matrix.

After generating the tf_idf matrix, the score values are normalized
using min-max normalization (Jain, Nandakumar, & Ross, 2005) as
follows:

actual score — min score

Normalized score = - (1)
max score — min score

Finally, we have added the location and organization names as two
handerafted features in the normalized feature matrix. These two are
the only handcrafted features included in the feature set as they are
very important for the classification of this task.
if any location name mention in the ith rweet

(2)
if no location name mention in the ith 1weet

tf _id f[il[loc] = {:}

1
tf_id flillorg] = {[

), if no organization name mention in the ith tweet

(3)

. if any organization name mention in the ith tweet

4.6. Feature selection

In the tf_idf matrix, there are many words which occur rarely in
different tweets. This leads to the creation of a sparse tf_idf matrix.
Hence, we have applied a feature selection algorithm to reduce the
features (or words) in the feature matrix (or tf_idf matrix) for efficient
classification and improving computation time. Here, we propose a
forest optimization-based wrapper feature selection algorithm for this
task.

2 https://en.wikipedia.org/wiki/Cohen’s_kappa.
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Fig. 2. Steps of forest optimization algorithm.

4.6.1. Forest optimization-based feature selection

Feature selection plays an important role in most of the classifica-
tion tasks. The significance of feature selection is very high for the
text categorization task. Proper feature selection techniques improve
the classification accuracy as well as reduce the computation time.
Many optimization techniques are used for the feature selection task.
Ghaemi and Feizi-Derakhshi (2014) have proposed a tree-based new
evolutionary algorithm, named forest optimization algorithm which
is tested on many optimization tasks. In Ghaemi and Feizi-Derakhshi
(2016), the authors have suggested FOA to remove the irrelevant and
redundant features which further improves the classification accuracy.
In our proposed disaster management system, a wrapper-based feature
selection algorithm called as FOA is used to select the optimal features.
This algorithm is quite fast in execution as its total execution time is
97 s in our task. The steps of the FOA are mentioned in Fig. 2.

4.7. Classifying the tweets using machine learning techniques

The feature matrix is generated after feature selection is given as in-
put to different classifiers like SVM (Cortes & Vapnik, 1995), k-nearest
neighbors (Cover & Hart, 1967), decision tree (Quinlan, 1986), and
multinomial naive bayes (Metsis, Androutsopoulos, & Paliouras, 2006)
to classify the tweets based on the pre-specified category. However,
before classifying the tweets based on the mention of resource need or
available, we need to classify whether the tweet is related to disaster or
not. After getting the set of disaster related tweets, our system classifies
them as relevant or not based on mention of any kind of resource in
the tweet. Finally, the system classifies the tweets based on the pre-
categorized classes. At last, the accuracy of each classifier is calculated.
The scikit learn package is used here for implementation of all the
models.

4.7.1. Support vector machine classifier

SVM is one of the most popular machine learning classifiers based
on supervised learning. It is a non-probabilistic approach based classi-
fier which represents each sample as points in the hyperspace and maps
them such that different categories are separated by a hyper-plane. It

Fig. 3. Transforming nonlinear separable sample points to linear separable points in
high dimensional space.

transform the nonlinear separable sample points to linearly separable
points in higher dimensional space as mentioned in Fig. 3. Those points
which are on the decision boundary are called as support vectors. The
gap between the separating hyper-plane and the decision boundaries
are of maximum possible margin.

The multi-class classification problem can be solved by training
multi-class SVM with the help of a binary classifier over a feature vector
x(x.y) derived from both the input features and the class label. During
the time of testing, the classifier selects the class label as:

y = argmax; 0" (%, ') “@

The mapping from input space to high dimensional feature space is
done with the help of kernel function.

K7 =&".5) (5)

With the help of some transformation @ : X — x(X) the classifier can
be formulated as:

F&) = sign(Y @y 25" )2(5) +b) (6)
where
KGn3) = yGpE) 7

4.7.2. Multinomial naive bayes classifier

Multinomial naive bayes classifier is a typical case of traditional
naive bayes classifier which works well with the multinomial distri-
bution of features. In text document, the contributing features are the
words or tokens. The words or phrases in a sentence or document have
high dependencies or relationships to their neighboring words. They
follow the multinomial distribution which encourages us to apply the
multinomial naive bayes classifier for our problem. In a number of NLP
applications, multinomial naive bayes has proven to be an accurate,
fast, and reliable classifier. Here, we have used the skiearn-naive_bayes-
Multinomial N B for the implementation task.

In the multinomial classification model, feature vectors (tweets)
represent the tf-idf values of each word present in the tweets. The multi-
nomial distribution works well for both integer and fractional feature
counts. The probability of a tweet t being in class ¢ is determined as
follows:

PiclnaP@e) [ Paegle) 8
I=k=n

where P(wg|c) is the class conditional probability of word w, present

in tweet class c. P(c) is the prior probability of a tweet being in class c.

A sample (tweet) or feature vector F = (f|, f,,.... f,) is a histogram

with f; is the tf-idf values of each word in the tweet. The classification
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Table 2
Tweet class distribution in FIRE dataset.
Disaster
Classes Mon-digaster Relevant Non-relevant
FMT1 FMT2 FMT3 FMT4 FMTS FMT6 FMT? FMTO
#Tweets 47268 524 480 475 335 274 440 402 2170

model for Multinomial Naive Bayes classifier is

7= argmax p(C) [T p(si1C0 ©)

kel 1oy | i1

where »n, is the number of distinct words present in the tweet.
(€)= a0

p(C) = N

where N, is the number of tweets present in the class c.

N is the total numbers of tweets in the sample.

The likelihood of observing a histogram of a sample F is given by
(50 1
el § I an
I

5. Description of case study and dataset

pFICy) =

This section discusses in detail about the case study and dataset used
for evaluation of our proposed system. Proper distribution of urgently
needed resources as per the requirement is the most important thing
that needs to be performed by disaster management agencies during an
emergency situation. Since social media communication during natural
disasters increases rapidly due to the wide usage of smartphones, these
data can be mined effectively to be used for resource management.
There are several kinds of noise associated with these social media data
which must be removed first to extract the meaningful information
from it. The objective of this research work is to develop a system
prototype which will classify the tweets according to availability or re-
quirement of different urgently needed resources, locations, casualties
or any organization (e.g., Government, private, NGOs) mentioned in
the tweet.

Dataset

We have used one real time dataset to evaluate our proposed
system due to unavailability of any gold standard dataset for our task.
A large set of tweets related to Nepal earthquake is collected from
Forum for Information Retrieval Evaluation (FIRE). A wide variety
of tweets are present in the FIRE 2016 and 2017 dataset, which are
used to evaluate our system performance. As some tweets are common
in both the datasets, we have filtered and removed the redundant
tweets from them. After completion of the preliminary operations (from
step 4.1 to step 4.4), 5100 tweets are collected for tagging using
human annotator. We have further collected tweets related to sports,
entertainment, politics, tourism, and finance randomly with the help
of Twitter streaming APIs. We have filtered 47268 tweets based on the
relevance to our evaluation process from the above collected tweets
of different domain. All these tweets are considered as non-disaster
tweets. Our proposed system is a multistage, multi-class categorization
system. The first two stages in the classification pipeline are binary
classification. In the first stage, it is disaster vs non-disaster and in
the second stage, it is relevant vs irrelevant. However, the final stage
is a multi-class categorization task as there are seven numbers of
target classes involved in this process. The tagging task carried out
carefully several times by the human annotators. The rules along with
the tweet class labels mentioned in Table 5 are the guiding principle
for the tagging task. We have identified eight class labels or tagset
i.e. FMTO to FMT7 in line with FIRE 2015 tagset. Along with the
above eight classes we have added one extra class label as non-disaster.
Non-disaster label denotes such tweets which are not related to any
disaster. It will be helpful to filter such non-disaster tweets from tweet

streaming contents. If any tweet falls in any class between FMT1 to
FMT?7 are considered as relevant tweet. However, if any tweet which
is related to any disaster but does not contain any information as
mentioned in classes FMT1 to FMT7 are considered as non-relevant
(FMTO0) tweet for our task. The details of class distribution of tweets
are given below in Table 2. Along with the FIRE dataset, we have used
the SMERP (Social Media for Emergency Relief and Preparedness) and
CrisisLexT26 (Olteanu, Vieweg, & Castillo, 2015) datasets to evaluate
the disaster vs non-disaster task of our proposed system. SMERP 2017
dataset contains tweets related to Italy earthquake occurred in 2015
and CrisisLexT26 dataset contains tweets gathered during twenty six
different disasters. The details about CrisisLex and SMERP dataset are
mentioned in Tables 3 and 4 respectively.

6. Results and discussion

This section describes experiments that evaluate our system pro-
totype and shows its utility. Here, we have shown the classification
accuracy of the entire system with different state-of-the art classifiers
used in the literature. The feature selection algorithm reduces to a
set of 489 new features from the original set of 4011 features. Here,
we have segmented the total samples into different ratios of training
and testing varies from 60:40 to 90:10. The results that are given in
subsequent tables are the average accuracy of all four cases (i.e. 60:40,
70:30, 80:20, and 90:10) in ten different runs. To provide better
generalization, two widely used cross validation, i.e. 5-fold and 10-fold
are also incorporated to evaluate the system. The performance of all the
classifiers is evaluated based on the most widely used measures, such
as accuracy, precision, recall and F1-measure.

Precision is the fraction of true positives to the total data that are
classified as true. Mathematically, it is represented as:

T
Precision(P) = — X — (12)
I,+F,
where T), is the total number of true positives and F, is the total number
of false positives as classified by the classifier.

Recall is the fraction of true positives to the total number of true
data. Mathematically, it is represented as:

P

Recall(R) = m (13)
where F, is the total number of false negatives as classified by the
classifier. The high value of precision signifies the less number of false
positives returned by the system. Similarly, the high value of recall
signifies the less number of false negatives returned by the system.
Normally, when it is tried to increase the precision value the recall
value decreases. So to properly evaluate a system another parameter
is used named as F1-measure, which is the harmonic mean of precision
and recall. Mathematically, it is represented as:

2%« P« R
F1 = measure = ———— 14
P+R as

In most of the disaster-related tweets, there may not be any mention of
resources. Therefore, we need to filter those irrelevant tweets in which
there is no mention of any kind of resources (neither need nor avail-
ability). Binary classifiers are used to perform the above classification
task. Once relevant tweets are filtered, then multi-class classifiers can
be applied on those tweets to perform our main classification task as
defined in the problem.
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Table 3
Details of CrisisLexT26 dataset.
No. of crisis Total Tweets Labeled tweets Class labels Information types Information
sources
26 250K 28K Informative caution, advice Government
Not informative infrastructure damage etc. NGOs
Table 4
Details of SMERP dataset.
Name of crisis Total Tweets Labeled tweets Class labels Topics
Italy earthquake TIK NA Relevant Activities of government, NGOs, resource required,
2016 Not relevant resource availability, infrastructure damage, restoration etc.
Table 5
Rules for classification of tweets in FIRE dataset.

Sl No. Class label Mention Description Sample tweet

1 FMT1 What resources were An appropriate tweet must state the possession of any kind of resource Food Distribution in
available like drinking water, clothes, blankets, shelter, food, water filter, sindupalchowk district, sufficient

electricity, infrastructure like tents, and human resources like for 7 days for 500 earthquake
volunteers and so on. Tweets reporting the possession of shipping victims under assistance.. . http:
vehicles for assisting resource distribution process would also be S/teo/eZxCelRLSI

appropriate. Nevertheless, generalized tweets without mention of any

resource or tweets asking for fund would not be appropriate.

2 FMT2 What resources were An appropriate tweet must state the demand/need of any kind of After earthquake. Need shelter
required resource as mentioned in FMT1. Nevertheless, generalized tweets soon. http://t.eo/972GpUnvwV

without mention of any specific resource or tweets asking for donation
of money would not be appropriate.

3 FMT3 What medical An appropriate tweet must state the possession of any kind of medical We are collecting Medicines,
TesOUrces were resource like medical equipment, blood, medicines, supplementary food Tents, Water Bottles, Biscuit
available items (e.g., milk for infants), water filter, electricity, ambulance, human Packets, for Nepal. We are

resources like doctors/medical staff and resources to build or support sending all materials with
medical infrastructure like tents, etc. Generalized tweets without .. httpe /Ao JITEmOEFN
mention of any medical resources would not be appropriate.

4 FMT4 What medical An appropriate tweet must state the demand of any kind of medical @PMOIndia Nepal waiting for
resources were resource as mentioned in FMT3. Generalized tweets without mention of maore help, need blood,
required any medical resources would not be appropriate. Medicine, water and food

packet.

5 FMTS What were the An appropriate tweet must state both the requirement or possession of Nepal earthquake: No food, no
need/possession of some resource, (e.g., shelter, food, water, medical resources, tents, clothes, no shelter, say locals
resources at specific power supply, human resources like volunteers doctors/medical staff) as from Gorkha district at the
locations well as a particular geographical location. Tweets containing only the epicenter of quake.

requirement/possession of some resource, without stating a We. .. http://t.co/NbhBYilcDI
geographical location would not be appropriate.

6 FMT6& What were the An appropriate tweet must carry information about relief-based BSNL heading towards Nepal to
activities of various activities of different Government organizations and NGOs in rescue fix their telecommunication
NGOs,/government and relief operation, Tweets that carry information about the human network after the earthquake,
organizations resources like volunteers visiting different geographical locations would Scientist were right. Nepal yet

also be appropriate, However, tweets that do not held the name of any to face more disastes.
Government organization/NGO would not be appropriate.

7 FMT7 What casualties, An appropriate tweet must state death, injuries, damage or restoration RTrajdev_neha:
infrastructure damage of electricity, mobile or Internet connectivity, some specific #MSGHelpEarthquakeVictims
and restoration were infrastructure resources such as structures (e.g., dams, houses, and More than 100 people r knwn
being reported mobile tower), communication infrastructure (e.g., roads, runways, and to hv died in a ‘npowerful

railway) ete. Generalized tweets without mention of infrastructure earthquake dat struck Nepal,
resources would not be appropriate. wrecking many n\u2016

8 FMTO None of the above An appropriate tweet must not mention any of the general or medical Nepal wl again stand up

mention

resource. There must not be any location information along with any
kind of resource or organization or anything about damage or loss.

ntu2016

In our implementation the fitness function which is used is given as
below:
EL] testAcc;

fitness = avg Ace = e a— (15)

where avgAce = Average test accuracy of the wrapper classification
model
test Ace; = Test accuracy of the wrapper classification model on the ith
fold
k = number of folds used in cross validation

The stopping criterion which is used in all our experimentation is
‘number of iterations’. We have set the number of iteration as 300. In

local seeding of the forest optimization algorithm it will select those
columns from tf-idf matrix where there is mention of any resource
words like food, water, shelter, medicine, cloth, doctor, human re-
sources, infrastructure, ambulance, etc. However, for global seeding
it will include those negation words like no, not, do not, have not,
does not etc. if any present in tweets. Overall, it will improve the
feature quality which significantly improve the performance of the clas-
sification system. In our implementation, all preprocessing operations
are done with the help of python NLTK library. All machine learning
algorithms are implemented using scikit-learn 0.22.0 package. The FOA
algorithm is coded in python.
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Table 6
Measures on disaster vs non-disaster tweet.
Dataset Classifier Avg. resull of 4 different ratios 5-fold cross validation 10-fold cross validation
A P R F1 A P R F1 A P R F1
K=3 81.67 83.07 80.74 81.89 81.68 8296 8017 8154 8114 8219 7948 80.81
KNN k=5 84,43 84,19 82,37 83.27 84,09 8407 8196 8300 8392 8403 8143 8271
k=7 86.39 85.58 83.49 84.52 86.39 8549 8342 8444 8327 84.80 82.06 83.45
FIRE SUM Linear 87.35 85.91 81.82 83.82 87.07 8586 81.74 8374 8698 8531 81.14 83.17
kernel
RBF 91.26 90.32 85.06 87.61 91.13  90.31 8503 87.59 9104 89.94 8475 87.27
kernel
Decision 89.33 87.74 84.47 86.07 89.19 8779 8468 8620 8894 8767 84.07 8583
Tree (C4.5)
Multinomial 91.41 90.92 85.88 88.33 91.24 9092 8611 8844 91.21 90.65 8579 88.15
Naive Bayes
K=3 81.24 82.83 80.52 81.66 81.21 8274 7992 8131 8082 8194 79.26 80.58
KNN k=5 84.13 84.03 82.18 83.09 83.85 8385 8174 8278 8369 8378 81.18 8246
SMERP k=7 86.09 85.34 83.21 84.26 86.17 8523 8318 8419 8303 8471 81.83 83.25
: Linear 86.97 85.73 81.57 83.60 86.87 8559 81.49 8349 8671 8504 80.98 82.96
2017 S5VM
kernel
RBF 90.89 90.04 84.84 87.36 90.93  90.08 84.81 87.37 90.84 89.74 8452 8§7.05
kernel
Decision Tree 89.02 87.52 84.19 85.82 88.83 8758 84.43 8598 8863 8749 83.90 8566
C4.5
Multinomial 91.15 90.69 85.67 88.11 91.02 9092 8611 8845 00.96 90.42 8579 88.04
Naive Bayes
K=3 81.31 82.87 80.58 81.71 81.25 8278 7995 8134 80.87 8192 79.23 80.55
KNN k=5 84.27 84.15 82.24 83.18 83.97 8393 8178 8284 8385 83.82 81.21 82.49
k=7 86.14 85.41 83.27 84.33 86.26 8529 83.21 8424 8310 8474 81.19 8293
CrisisLex Linear 86,99 85.79 81.61 83.65 86.92 8565 81.53 8354 8678 8508 81.20 83.09
kernel
RBF 91.02 90.13 84,89 B7.43 90,98 9016 8487 8744 9093 8979 81.21 85.28
kernel
Decision Tree 89.15 87.60 84.24 85.89 88.90 87.64 8446 8602 8877 8755 81.23 84.27
C4.5
Multinomial 91.29 90.77 85.71 88.17 91.18 9099 86.16 8851 91.06 90.49 81.24 8562
Naive Bayes
The classification results of disaster or non-disaster tweet are shown R
. . 8 =5)
in Table 6. We have evaluated this task of our proposed system on FIRE, g 00SVM (RBE kemel)
SMERP, and CrisisLexT26 datasets. For preparation of the non-disaster . £ 0o Decision Tree
tweet dataset we collected tweets related to sports, entertainment, 86 ; L MNB
politics, tourism, and finance randomly for evaluation of our system. I -
" 3
From the above collected non-disaster tweets, we filtered 47268 tweets 84 ]
based on relevance to our evaluation process. We have considered all ] :_i:
B = E
Nepal earthquake tweets of FIRE dataset and Italy earthquake tweets s2| = .
of SMERP dataset as disaster tweets. On both datasets the proposed = e
system with multinomial naive bayes classifier gives the best results @ M
among all. The results are obtained with a reduced set of features, after -
employing the forest optimization based feature selection algorithm. E
In this binary classification, the difference between FOA based SVM & £
system and multinomial naive bayes system is quite less. Among all
the datasets, our proposed system has shown better results with FIRE 76 -
dataset, which may be due to maximum number of tweets. =
The classification measures of the relevant vs. irrelevant tweets are T4
given in Table 7. The tweets which belong to any of the classes from
FMT1 to FMT7 are considered as relevant and the rest are irrelevant. It 7 . - . =

is useful to filter those relevant tweets which are required to be tagged
by the help of human annotators. From all the experiments, it is found
that the best results are achieved using FOA based multinomial naive
bayes classification system. Similar to the results of Table 6, here also
it is observed that the difference between FOA based SVM system and
multinomial naive bayes system is not that much higher which may
be due to the two class classification problem. Fig. 4 presents the bar
chart for the performance measures (5-fold cross-validation) obtained
by different classifiers for relevant vs. irrelevant tweet categorization.

The classification results of the overall system as mentioned in
Table 8 are obtained with a reduced set of features after employing
the feature selection algorithm. The accuracy of k-nearest neighbors
(KNN) and the decision tree are nearly same with the value of k = 5.

Fig. 4. 5-fold cross validation measures on relevant vs irrelevant tweet.

Our system prototype gives almost the same results with a FOA-based
multinomial naive bayes and FOA-based SVM according to the results
shown in Table 8. The precision and recall of the system are also quite
good for this complex unstructured text classification task. Fig. 5 shows
the bar chart for the performance indicators (5-fold cross-validation) of
the overall resource mobilization system. The confidence level we got
using two-tailed paired t-test is more than 99 percent in this case which
may be considered as a good one for our task.
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Table 7

Measures on relevant vs irrelevant tweet.

Avg. result of 4 different ratios

5-fold cross validation

10-fold cross validation

Classifier
A P R F1 A P R F1 A P R F1
k=3 79.38 70.87 79.26 74.83 79.29 7078 7917 7474 7921 70.69 79.06 74.64
KNN k=5 82.49 74.58 8016 77.27 82.36 7449 B0.06 7717 8230 7441 BO.O2 TF7A1
k= 81.23 7231 80.71 76.28 81.07 7220 8059 7616 8l.02 7215 8051 76.10
SUM Linear kernel 80.95 73.42 77.52 75.41 80.87 7331 77.43 7531 8081 7324 7735 7524
RBF kernel 85.26 81.55 80.28 80.91 85.18 81.39 80.21 B80.80 8511 81.34 8016 B0.75
Decision 83.30 79.71 77.37 78.52 83.14 7957 77.26 7840 83.06 7950 7720 7833
Tree (C4.5)
Multinomial B86.44 B3.64 81.15 B2.38 86.26 8348 8§1.10 8227 86,21 8344 81.03 8222
Naive Bayes
Table &
Measures on the overall system.
N Avg. result of 4 different ratios S5-fold cross validation 10-fold cross validation
Classifier
A P R F1 A P R F1 A P R F1
k=3 69.58 67.29 59.29 63.04 69.47 67.22 59.22 6297 6944 6711 59.16 6288
KNN k=5 71.09 72.58 62.49 67.16 7101 7253 6243 6710 7097 7246 6239 67.05
k=7 71.04 71.30 59.78 65.03 70,97 7123 5970 6496 7093 7115 59.65 04.89
SVM Linear kernel 70.51 70.15 58.40 63.74 70.42 70.06 5832 6365 7036 6995 5830 63.60
REF kernel 73.97 7371 65.09 69.13 73.88 7364 6503 69.07 7384 7357 65.00 69.02
Decision 71.88 71.87 63.68 67.53 71.81 71.81 6362 6747 7175 7175 63.58 6742
Tree (C4.5)
Multinomial 75.72 7217 66.51 69.22 75.70 7211 6643 6915 7566 7204 6641 69.11
Naive Bayes
-4 lo  KNN (k=5 100 Dooverall
DDSVM (RBF kemnel) o FMTI
00 Decision Tree 25 0o FMT2
- ] MNB Do FMT3
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- I8 FMTS
74 = o PMTS
= 75 . Do FMmT7 |’“
7| E||E [ 3 [
= S =
N A i
T0 -
a B
M=
68 E g
fifi
G4 oo
-
2
62 H
Gl -

A P

Fig. 5. 5-fold cross validation measures on the overall system.

Here, in Table 9 classification measures of all the individual topics
on FOA wrapper based multinomial naive bayes system are mentioned.
As mentioned in Table 8, the overall accuracy, precision, recall, and
Fl-score are given in the first row of Table 9. It is observed that the
results are better in case of availability of resources as compared to
need of resources which may be due to the presence of negative words
like not, no, do not, and many more in the tweets. It is giving more than
80 percent of accuracy and precision in all the three classes of FMT5,
FMT6, and FMT7. Fig. 6 presents the bar chart for the performance
measures (5-fold cross-validation) as obtained by different classifiers
for categorization of 7 individual topic.

Table 10 shows the performance of our proposed system with
various classifiers for the classification of availability or requirement of
general resources like food, shelter, water, etc. Here also multinomial
naive bayes with FOA gives better accuracy and Fl-score than the rest.
The classification accuracies of general resources are nearly equal to

A P F1

Fig. 6. 5-fold eross validation measures on cach topic using FOA based Multinomial
Naive Bayes classifier.

the overall accuracies, which may be due to the mention of positive
and negative words (e.g., have food and haven't food, need water and
needn’t water) in the tweets. Our proposed system achieves a standard
F1-score of 70.16 percent in FOA based Multinomial Naive Bayes clas-
sifier. The common issues in misclassification like spelling errors, the
sparseness of the term presence matrix, the presence of negative words,
and so forth have already been taken care of to the possible extent
in the lexical normalization, feature selection, and preprocessing step
respectively. It is observed that still few tweets are getting misclassified
mostly due to the presence of negative terms such as not, no, do not,
ete. (for example “not required” implies available but in some cases it
is misclassified into need class). This misclassification task still remains
as a great challenge mostly in the sentiment analysis of Twitter data.
We are trying to handle these negative words in future by analyzing the
tweets semantically in the preprocessing step. Fig. 7 manifests the bar
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Table 9

Measures on each topic using FOA based Multinomial Naive Bayes classification system.

Avg. result of 4 different ratios

5-fold cross validation

10-fold cross validation

Class
A P R F1 A P R F1 A P R F1
Overall 75.72 7217 66.51 69.22 75.70 72.11 66.43 69.15 75.66 72.04 66.41 69.11
FMT1 69.31 67.04 66,38 66.71 69.24 66.97 66.31 66.64 69.17 66.86 66.22 66.54
FMT2 59.33 58.12 59.13 58.62 59.27 58.04 59.04 58.54 50.19 57.91 58.91 58.41
FMT3 68.05 69.09 64.36 66.64 68.01 609.01 64.29 66.57 67.97 68.87 64.17 66.44
FMT4 58.76 56.65 60.52 58.52 58.69 56.59 60.45 58.46 58.65 56.44 60.33 58.32
FMT5 81.67 81.4 44.14 57.24 81.58 81.32 44.11 57.20 81.51 81.19 44.02 57.09
FMTE 85.45 83.11 64,63 7271 85.37 83.04 64.57 72.65 85.28 82.88 64.49 72.54
FMT7 86.53 B3.94 76.27 79.92 86.48 83.86 76.22 79.86 86.42 83.72 76.13 79.74
Table 10

Measures on general resources available (FMT1) vs required (FMT2).

Avg. result of 4 different ratios

5-fold cross validation 10-fold cross validation

Classifier
A P R F1 A P R F1 A P R F1
k=3 70.08 68.15 57.30 62.26 7002 68.09 5727 6221 6968 6787 57.03 61.98
KNN k=5 74.83 72.26 61.91 66.69 7479 7221 61.89 66.65 7447 7208 61.68 66.48
k=7 74.36 72.04 61.05 66.09 7433 7199 61.01 6605 7402 7174 60.72 6577
SVM Linear kernel 72.69 71.41 60.48 65.49 7265 71.34 6041 6542 7238 7118 60.14 65.20
RBF kernel 76.92 76.67 64.26 69.92 76.87 7658 6463 7010 7659 7646 6443 69.93
Decision Tree(C4.5) 74.71 73.35 64.52 68.65 7464 7329 6447 6860 7437 7319 64.32 6847
Multinomial Naive Bayes 77.08 7713 64,34 70.16 7705 7695 6432 7007 7697 7691 6426 7002
L2 e 00 KNN (k=5 0o KNN(k=5)
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Fig. 7. 5-fold cross validation measures on general resources available (FMT1) vs
required (FMTZ2).

chart for the performance measures (5-fold cross-validation) obtained
by several classifiers for general resource available vs. required tweet
classification.

We have used various classifiers such as multinomial naive bayes,
KNN, SVM, and decision tree to classify the implication of availability
or requirement of medical resources in a tweet. The Fl-score and all
other performance measures achieved by the above mentioned classi-
fiers are listed in Table 11, Here, the overall classification accuracy
is better in comparison to the medical resource need or available.
The difference in Fl-score of KNN and decision tree based classifier
is marginal. Here also FOA-based multinomial naive bayes classifier
gives the highest Fl-score of 70.93 percent. Fig. 8 shows the bar chart
for the performance measures (5-fold cross-validation) obtained by
different classifiers for medical resource available vs. required tweet
classification.

The classification accuracy of location, organization or damage
related tweets are illustrated in Table 12, The accuracies shown here
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Fig. 8. 5-fold cross validation measures on medical resources available (FMT3) vs
required (FMT4).

are better than the overall accuracies of the system which may be due to
the lack of negative terms. Here, multinomial naive bayes classifier with
FOA-based feature selection technique outperforms the other classifiers.
In location related tweets, the named entity recognition accuracy is
reasonable due to the presence of regional location names present in
the tweet. However, the accuracy of our system for location is relatively
low w.r.t. other classes like organization and damage. Fig. 9 presents
the bar chart for the performance indicators (5-fold cross-validation)
as obtained by numerous classifiers for location vs. organization vs.
damage mentioned tweet categorization.

To check the robustness of the proposed FOA-MNB model, the
standard deviation of f-measure is estimated w.r.t to all runs in Ta-
ble 13. Instead of accuracy, f-measure is chosen as it is more reliable
on unbalanced datasets. From the results it is found that the standard
deviations are below 1 percent on both average of four different ratios
and 5-fold cross validation. However, in 10-fold cross validation the
standard deviation is found to be just above 1 percent which may
be due to lowering of testing samples in this case. This less value of
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Table 11
Measures on medical resources available (FMT3) vs required (FMT4).

Avg. result of 4 different ratios

5-fold cross validation 10-fold cross validation

Classifier
A P R F1 A P R Fl A P R F1
k=3 65.62 65.50 58.08 61.57 65.59 65.44 5807 6154 6541 6529 58.02 6144
KNN k=5 68.81 68.62 64.20 66,34 68,79 68.57 6414 66,28 6863 6841 63.99 66.13
k=7 67.96 68.85 61.78 65.12 67.91 68.78 6175 6508 67.74 6857 6168 064.94
Linear kernel 67.65 68.14 60.73 64.22 67.58 68.06 6064 6414 67.39 67.88 6055 6401
SVM RBF kernel 71.43 72.86 64.98 68.69 71.38 7279 6492 6863 7122 7260 64.79 68.47
Decision Tree (C4.5) 69.34 67.65 62.71 65.08 69.30 67.56 6269 6503 69.07 6741 6261 6492
Multinomial Naive Bayes 73.76 74.80 67.44 70.93 7371 7474 6735 7085 7350 7458 67.20 7073

Table 12

Measures on location (FMTS) vs organization (FMT6) vs damage (FMT7).

Avg. result of 4 different ratios

5-fold cross validation 10-fold cross validation

Classifier
A P R F1 A P R F1 A P R Fl
k=3 69.62 67.49 55.16 60.71 69.59 67.45 5511 60.66 6931 67.17 54.86 60.39
KNN k=5 75.54 73.55 64,02 68.45 75.50 73.52 6397 6841 7524 7324 6376 6817
k=7 75.29 72.18 61.46 66,39 7518 72.13 61.37 6632 7485 7178 61.13 66.03
SYM Linear kernel 73.71 70.41 60.58 65.13 73.69 7034 6046 6503 7336 7005 6015 6472
RBF kernel 78.02 77.68 64.62 70.55 77.99 77.65 6457 7051 7772 7738 06437 70.28
Decision Tree (C4.5) 74.61 7291 67.28 69.98 74.52 7286 6719 6991 7428 7253 66.93 69.62
Multinomial Naive Bayes 79.88 75.35 68.54 71.78 79.73 7531 6843 7171 7944 7503 6827 71.49

Table 13

Robustness of the proposed model with estimation of standard deviation for f-measure (F1).

Standard deviation of f-measure (F1) on FIRE dataset

Task
Avg. result of 5-fold 10 fold
4 different ratios cross validation cross validation
Disaster vs non-disaster 0.89 0.90 1.03
Relevant vs non-relevant 0.97 0.95 1.06
Overall system 095 0.97 1.11
FMT1 vs FMT2 0.87 0.88 1.02
FMT3 vs FMT4 0.88 0.90 1.04
FMT5 vs FMTE vs FMT7 0.96 0.95 1.07

00 KNN (k=5)
008VM (RBF kernel)
(o pecision Tree
(1} MNBE

TO.T3

=
17799

72806

(38,41

2

G2

A P R Fi

Fig. 9. 5-fold cross validation measures on location (FMTS) vs organization (FMT6) vs
damage (FMT7).

standard error in all three types of train-test split makes the model
robust for all the tasks performed to evaluate the proposed system.
However, 5-fold cross-validation is strongly recommended for its low
standard error along with high accuracy and fl-score.

To validate our results statistically we have applied the Fried-
man test which is one of the most popular non-parametric statistical
test (Deméar, 2006; Derrac, Garcia, Molina, & Herrera, 2011). From
the F1-measure results (avg. results of all 4 different ratios) of Table 6
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the Friedman test is performed as per the formula given below:
k
FM =(12/(n* k= (k+1)) *(ER?}—} #nx(k+1)

=1

(16)

n = number of datasets
k = number of classifiers
R; = total ranks for ith dataset

As we are comparing the results of 7 classifiers on 3 datasets, the
FM value is calculated as 17.46.

The p-value is found to be 0.00773. We have chosen significance
level () as 0.05. The null hypothesis is rejected as the p-value is less
than the significance level. Hence, from the alternate hypothesis it is
observed that the results are significant.

Each of the machine learning based model have some strength and
limitations. Regarding the strength our system is quite simple and very
effective for this challenging disaster resource mobilization task. Our
proposed model handles various noises present in social media text and
performs very good as observed from all performance measures. Unlike
embedding based models our model is not so much data and resource
dependent. If we highlight the limitation, then there is still further
scope for improvement in the misclassification rate. In our future work
we will try to address it using robust semantic analysis techniques. If
there is complete failure of Internet then the system will face challenge
as it will not get the required amount of information from people in that
affected area. We may think of collecting information from neighboring
areas. Hopefully, we will come out with a concrete solution for this
situation in our future work.

7. Conclusion and future work

In this work, we have proposed a system prototype for the classi-
fication of tweets aiming at assisting the resource management task
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during natural disasters. We first pre-process the tweets using natural
language processing techniques, then normalize the lexical variant
out-of-vocabularies using contextual and string similarity information.
Further, normalized tweets are transformed into a tf idf matrix to run
on different state-of-the-art classifiers. At last, the proposed system
is experimented on Nepal earthquake tweets and it is found that the
proposed FOA wrapper-based multinomial naive bayes classification
system can be beneficial during natural emergencies due to its rea-
sonably higher accuracy. This improvement in performance is mainly
due to better feature selection and dimension reduction, which further
improves the execution time. We have taken a less number of tagged
tweets due to unavailability of tagged data and we expect that in the fu-
ture accuracy of the classifier can be further improved by increasing the
number of tagged tweets. It still has plenty of scope for improvement if
context information can be exploited properly and also by reducing the
preprocessing and normalization error. In our future work, along with
the syntactic features we will be using some robust semantic analysis
techniques to reduce the misclassification rate and further improve the
performance of our system.
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