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Abstract 
Dictionaries have been used to analyse text even before the emergence of social media 
and the use of dictionaries for sentiment analysis there. While dictionaries have been 
used to understand the tonality of text, so far it has not been possible to automatically 
detect if the tonality refers to the present, past, or future. In this research, we develop a 
dictionary containing time-indicating words in a wordlist (T-wordlist). To test how the 
dictionary performs, we apply our T-wordlist on different disaster related social media 
datasets. Subsequently we will validate the wordlist and results by a manual content 
analysis. So far, in this research-in-progress, we were able to develop a first dictionary 
and will also provide some initial insight into the performance of our wordlist. 
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Introduction 
Since the introduction of social media, unstructured, user-generated content has been created at an 
unprecedented scale, which became an important source of information for researcher in social science 
(Thelwall et al. 2008). The predominant research interest has been on analyzing the textual content of 
social media messages, which contain people’s opinions, expectations, feelings, and so on. Different 
scientific disciplines have used different approaches to analyze text such as manual and automated 
content analysis, information retrieval, or natural language processing, to mention a few (Loughran and 
McDonald 2011). The research area that gained most prominence is possibly the sentiment analysis (Read 
2005), which allows the automated assessment of positive or negative feelings based on the tonality of a 
message.  

The term sentiment analysis, sometimes referred to as sentiment classification (Read 2005; Read and 
Carroll 2009), opinion mining (Pang and Lee 2008; Thelwall et al. 2011; Thelwall et al. 2010), subjectivity 
analysis (Riloff and Wiebe 2003), or polarity classification (Read and Carroll 2009) describes more or less 
the same concept of carrying out a tonality analysis of a more positive or more negative tone used in a 
message (Liu 2012). The general assumption is that in general people have certain opinions on topics, and 
these opinions can be capture by a sentiment analysis (Kim and Hovy 2004). Hence, sentiment analysis is 
mainly focused at automatically extracting and summarizing the people’s opinions about various topics by 
classifying them (Beigi et al. 2016). Being able to detect the sentiment of a message has been found to be 
important: For example, by applying sentiment analysis, online retailers can get aggregated results while 
summarizing the collected reviews with an average sentiment score. In the financial domain, stock market 
experts can predict stock price fluctuations, based on average sentiments (Read and Carroll 2009). During 
disasters, a sentiment analysis can help to understand feelings, concerns, or even panic of affected people 
(Beigi et al. 2016).  

While sentiment analysis has illustrated its usefulness, an important dimension so far has been not taken 
into consideration, and that is to which time dimention the message is referring to. A tweet talking about 
how much someone loved his first BMW would result in a positive sentiment towards BMW, although the 
writer of this tweet might not be inclined to buy one nowadays. The same is true for statements such as 
“IBM was a great company”: most sentiment analyses approaches would interpret this as a positive 
sentiment towards IBM, ignoring the fact that the author might have changed his sentiment in the 
meanwhile, making such a statement less valuable to build upon a buying decision for IBM stocks.  

Time plays also a role in another dimension, namely the need to analyze social media data in close to real 
time, for example to be able to prioritize emergency response forces along the urgencies of the different 
needs people in a disaster are suffering from. For example, tweets containing words like “just”, “urgent” or 
“immediately” might help disaster relief forces to prioritize where to move in and help first, if they can 
analyze the data quick enough, meaning in an automated way, as the following two tweets illustrate. 

“A massive earthquake just hit Everest. Basecamp has been severely damaged. Our team is caught in 
camp 1. Please pray for everyone”. 

“Urgent. Need 1000 water packets. Please contact us immediately”. 

Thus, we claim that detecting time-indicating statements in social media is important to refine, for 
example if a positive sentiment is related to the past, the presence, or the future. It is also important to 
differentiate what is more urgent in case of an emergency, which also requires an automated detection of 
time-indicating statements. So far, there has been only limited research that focused on extracting time-
indicating statements from social media nor has there been a similar effort as in the case of sentiment 
analysis to develop a dictionary or wordlist, comprising time-relevant words and phrases. Thus, our 
research focusses on filling this gap by developing a time-indicating dictionary. For that to do so, in a first 
step we had to develop a “dictionary development methods”, since there are many dictionaries in use in 
sentiment analysis, but it seems there is no structured approach how to develop one. Thus in this paper 
our research question is:  

How can time-indicating expressions be captured in a dictionary to automatically assess social media 
data in close to real time? 
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The remaining research in progress paper is organized as follows. In section two, we provide a literature 
review on prior research on detecting time in textual statement, as well as the dictionaries have been 
create so far using supervised approaches under data analytics. A detailed description of the methodology 
we developed to derive a dictionary will be presented in the third section. In section four, we present our 
preliminary results regarding the development of our time-indication dictionary and the data sources we 
used to extract our time-indicating expressions. Based on preliminary results, in the last section we 
discuss our future research where we explain what we intend to do in order to make our wordlist more 
robust and rigorous to extract more appropriate data from the given content so that it can be 
generalizable to other domains as well. 

Literature review 

Temporal Information  

The temporal (time) information about events embedded in different types of text is of utmost importance 
to understand exact time or time period the text is referring to (Alonso et al. 2007) or to answer the 
questions in a given news article regarding events (Pustejovsky et al. 2003a). Since time is playing an 
important dimension, extraction and normalization of temporal information has been considered as an 
essencial task. For this purpose, temporal information extraction and retrieval gained attention back 
(Allen 1983) where James F. Allen proposed an interval-based temporal logic to reason about temporal 
knowledge and temporal intervals using the computational approach. In general, one can understand and 
group the temporal information into four categories: date, time, duration, and set (Pustejovsky et al. 
2005) as discussed further. In contrast to time and date expressions which provide specific information 
about a point in time, duration expressions mainly give information about the length of an interval 
(Strötgen and Gertz 2013). Furthermore, according to the study of (Schilder and Habel 2001), time 
denoting expressions in a document come in three different types: explicit reference, index reference, and 
vague reference. Date expressions such as “18.08.71” provide an explicit reference and point to a precise 
moment and thus can be normalized easily. As part of indexical reference, temporal expressions (such as 
“today”, “by last week” etc.) can only be evaluated via the presence of a time stamp in the document. Other 
types of temporal expressions (such as “in several weeks”, “in the evening”, etc.) express vague temporal 
information that is difficult to place on a timeline. However, other studies refer to indexical references as 
relative expressions, where it is argued that context information such as document creation time or 
another temporal information is necessary to normalize the temporal expression in the documents 
(Alonso et al. 2011; Strötgen and Gertz 2013). Moreover, implicit expressions such as names of holidays 
(Christmas 2016) and events can be normalized by their temporal semantics. “The normalization task of a 
temporal tagger is to assign the same value to all expressions carrying the same semantics or referring to 
the same point in time” (Strötgen and Gertz 2013). 

In continuation of the above discussion, there has been a great amount of interest from the Natural 
Language Processing (NLP) community in extracting temporal relationships and events from textual 
corpura such as news media and other formally written texts. The main focus of research in this direction 
is to identify temporal events and expressions from documents and to establish temporal relationships 
between such time events and time-dependent facts. One of the first research initiatives, TIMEX2 (Ferro 
et al. 2001) a standard for annotation of temporal expressions was initially developed as part of TIDES 
(Translingual Information Detection, Extraction, and Summarization) program. Based on the TIDES 
TIMEX2 annotation effort, TimeML (Pustejovsky et al. 2003a), a temporal markup language and 
Timebank corpus (Pustejovsky et al. 2003b) containing annotated events, times and temporal relations 
was developed to identify events and temporal expressions in natural language texts. After several 
iterations, TimeML language has become a gold standard for annotating temporal information (Verhagen 
et al. 2007). Several research groups have also developed tools and toolkits for performing temporal 
analysis on texts. Based on Timex3 (Group 2009) annotation standards for temporal information, 
temporal taggers like HeidelTime  (Strötgen and Gertz 2010), Stanford temporal tagger (Chang and 
Manning 2012) were developed to recognize and normalize the time expressions in the textual documents. 
Stanford temporal tagger is a rule based tagger that is built on top of Stanford POS-tagger and named-
entity taggers and offers a good accuracy in identifying the temporal expressions from text. 
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Moreover, as part of semantic evaluation initiative from NLP community (SemEval 2007-2017), the tasks 
of time annotation has received greater interest among the NLP community (Group 2009; UzZaman et al. 
2012; Verhagen et al. 2007; Verhagen et al. 2010) for evaluating time expressions, events, and temporal 
relations among the multiple languages. To  detect features of time series of facts from a large number of 
documents, techniques such as joint inference for temporal scoping was used (Ling and Weld 2010; 
Talukdar et al. 2012). To enhance summarization of multi documents, the study (Ng et al. 2014) focused 
on the temporal information in the form of timelines. In order to generate a timeline, an automated 
processing system was employed, through which three features were derived to measure and recognize 
the importance of sentences. To overcome any potential errors from underlying temporal processing 
system, a reliability filtering metric was used to decide when the important temporal information should 
be used. A multi-document summarization is useful where the event occurrences happen in a 
chronological order (Mani and Wilson 2000). To extract temporal information, in addition to news 
articles (Ferro et al. 2005; Pustejovsky et al. 2003a), Wikipedia documents (Strötgen and Gertz 2013), 
and scientific documents (Strötgen and Gertz 2012) were analyzed. To some extent, informal discussions 
of online communities were also used, to tag, retrieve and normalize temporal information (Wen et al. 
2013). Most importantly the challenges in extracting temporal orientation from social media messages 
such as Facebook messages (Schwartz et al. 2015) were explored and discussed.   

Distinct from the previous research, a temporal ontology, TempoWordNet (Ga et al. 2014; Hasanuzzaman 
et al. 2016) was constructed automatically by adding temporal information to the words from WordNet 
(Miller 1995) using a two-step classification approach. Using the similar classification approach, another 
research work (Kolomiyets et al. 2011) explored the task of recognizing time expressions using a number 
of bootstrapping strategies to generate additional training set documents that are supplemented with 
temporal words taken from WordNet (Miller 1995) and Latent Word Language Model (Deschacht and 
Moens 2009). However, we argue that if the time related words are extracted automatically from the the 
WordNet, these words are not representative of the words used by ordinary people in their daily 
communications. Hence, in our initial step, we prefer to construct the dictionary by manually collecting 
temporal words, and then  later on we compare and add  words from other sources. 

Our approach differs in two aspects when compare with all the above mentioned NLP methods.  First, 
most of the above mentioned methods use advanced NLP techniques such as parsing, classification etc, to 
identify and extract temporal events and thereby to find temporal relationships between the events. On 
the contrary, our approach uses a simple, easy lexicon-based approach using manually collected time 
words to identify and filter the texts containing time-indicating information. Second, most of the above 
mentioned temporal work primarily targeted for news media and articles (such as Wikipedia) where the 
language styles are generally formal, hence as also indicated in (Wen et al. 2013), applying these 
techniques to more informally written texts such as social media posts is challenging. As our primary 
focus is to identify time-indicating expressions in social media texts, we resorted to a lexicon-based 
approach that is suitable for processing of social media texts in close to real-time. 

Sentiment Analysis and Dictionaries 

In general, in order to perform sentiment analysis, research focused on two types of approaches which are 
unsupervised, dictionary-based approaches (Abdulla et al. 2016; Backfried and Shalunts 2016; Taboada et 
al. 2011; Thelwall et al. 2011; Thelwall et al. 2010), and supervised, machine learning approaches (Abbasi 
et al. 2008; Gonçalves et al. 2013; Pang and Lee 2008; Read 2005; Yang et al. 2010). The latter 
approaches are used to build the classifiers, where manually labelled data is used as training set for a 
supervised machine learning approach. It is argued that classifiers give high accurate results in detecting 
the sentiment and polarity of a given text (Boiy et al. 2007; Chaovalit and Zhou 2005). However, 
classifiers are domain specific, hence when applied in another context its’ performance drops considerably 
(Aue and Gamon 2005; Taboada et al. 2011). A recent study classified the sentiment analysis approaches 
on a much broader spectrum by adding unsupervised, semi-supervised and hybrid approaches, in 
addition to the approaches mentioned above (Madhoushi et al. 2015).  

In a dictionary-based approach, sentiment scores are assigned to a list of words to measure either 
semantic orientation or polarity (positive or negative), or strength (valence) of a given text (Nielsen 2011; 
Taboada et al. 2011)). Constructing a sentiment dictionary manually is labor intense and time consuming 
hence most of the sentiment analysis research depends on preexisting, manually constructed dictionaries. 
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For example, the Linguistic Inquiry and Word Count (LIWC) application consists of an internal dictionary 
which was compiled manually (Pennebaker et al. 2001). It consists of 4,500 words and word stems where 
words initially were collected from different sources while more words were added to it over the time. The 
words were grouped into, emotion or affective subcategories and arranged hierarchically. Altogether, 
there are around 66 categories with varying numbers of words where the words are categorized either into 
positive or negative. In recent versions, the dictionary was updated with functional words, to name a few, 
conjunctions, adverbs, quantifiers, or commonly used verbs. Moreover, some original categories were 
removed as they are not used so often (Pennebaker et al. 2001). Another lexicon, Affective Norms for 
English Words (ANEW) has 2,477 unique words where the words are scored for valency that range from 
−5 (very negative) to +5 (very positive) (Bradley and Lang 1999). A few other widely used dictionaries in 
sentiment analysis are Opinion lexicon (Wilson et al. 2005), SentiWordNet (Esuli and Sebastiani 2007), 
WordNet (Miller et al. 1990), WordNet-Affect (Esuli and Sebastiani 2007), and AFINN-96 (Nielsen 2011). 
There are also certain domain specific dictionaries (Olteanu et al. 2014; Temnikova et al. 2015) and 
language specific dictionaries (Madhoushi et al. 2015) as well. Even though there are many dictionaries, it 
is still unclear how to build a dictionary in the best possible way (Nielsen 2011) and there are no 
standardized procedures or commonly accepted methods in place how to build them (Deng et al. 2017).  
Unlike the sentiment analysis dictionaries as mentioned previously, there are no existing dictionaries 
available for time-related information.  

Methodology-how we developed our dictionary 
To achieve our research objectives, we followed a methodology that consists of three phases as shown in 
Figure 1. The first phase comprises the building of a T-wordlist by collecting the words representing time. 
The second phase consists of data collection and pre-processing of social media data and applying the T-
wordlist on it. Through the use of a manual content analysis, the third phase primarily focusses on the 
validation of the data extracted by the application of T-wordlist.  

Regarding alternative approaches to our methodology, we could have chosen different approaches such as 
classification based methods using supervised machine learning,  temporal taggers using advanced NLP 
methods such as Stanford Temporal Tagger (Chang and Manning 2012) etc.  But since our focus is on 
developing a simple and transparent methodology that is easy to understand and adopt by disaster and 
other relief organizations, we rather focused on developing our T-wordlist using the lexicon-based 
approach using the manually collected words indicating time information. Moreover, our chosen lexicon-
based approach is also inline with the methodology of CrisisLex lexicon (Olteanu et al. 2014) and in fact 
our methodology works very well in conjunction with CrisisLex lexicon by complementing it to identify 
time-indicating expressions from crisis-related messages during disasters. 

 

 

Figure 1. T-wordlist building process  

 

The criteria for a time-indicating wordlist 

In order to answer our research question, as a first step we developed a preliminary version of a wordlist 
containing time indicating and representing words (time indicating words) such as after, soon, tomorrow, 
later, which can extract temporal information from the data. Since there are no existing dictionaries 
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available we had to start from the scratch to develop our T-wordlist. The selection of words defining our 
T-wordlist involved several iterations. The initial idea was to collect a group of words that explains the 
temporal information from the disaster social media data. However, over time we expanded the T-
wordlist considerably by defining the criteria and adding more words as explained below. 

Step 1. Defining criteria: In the development of the T- wordlist, most important requirement is to consider 
the right words and phrases that contain time information. So firstly, we focused on inclusion and 
exclusion of words. After several discussions, both the authors decided and defined the criteria for time 
relevant words as follows. The first criteria: we included words which indicate direct temporal expressions 
such as years ago, last month, tomorrow and so on. Second criteria: words which signal and help in 
interpretation of temporal expressions such as temporal prepositions (such as during on, at, for) and 
connectives (such as before, after, while) (Pustejovsky et al. 2003b). Third criteria: key time words that 
indirectly signal the time information such as immediately, urgent, now, and so on. Our focus was to 
analyse data from social media during times of disaster data and not news articles or text summarization 
(Chambers et al. 2007). Therefore, we decided to exclude the tens verbs such as has left, was affected, 
etc., which indicate the event expressions (Pustejovsky et al. 2003b). Once we defined our criteria, we 
proceeded to the next step of collecting words from an online dictionary.  

Step 2. Word collection and extension: As mentioned previously, unlike dictionaries for sentiment 
analysis (Esuli and Sebastiani 2007; Nielsen 2011; Strapparava and Valitutti 2004) and domain specific 
dictionaries (Abdulla et al. 2016; Loughran and McDonald 2011) which are mostly built on already 
existing dictionaries (Miller 1995; Miller et al. 1990; Stone and Hunt 1963), there are no dictionaries 
available specifically pertaining to time words only. Therefore, we had to rely on online dictionaries to 
collect the words and used dictionary.com and Oxford dictionary as our main sources to collect the time 
relevant words. Initially, we collected only a few common words that provide time information. Later on 
we extended our wordlist by looking at synonyms and antonyms. In this process, we also used thesauruses 
to collect more words and phrases. Altogether our initial set of T-wordlist contains around 476 words. The 
T-wordlist does not only consist unigrams but also phrases.  

Once the T-wordlist is now ready, so in step 3 we apply it on disaster-related social media data to extract 
the messages with time relevant information. 

Data collection, preprocessing and application of T-wordlist 

In this phase, we applied the T-wordlist on disaster social media data. The social media data that we 
focused on and collected was the Twitter data from both manmade and natural disasters, such as wild 
fires, bush fire, floods, shootings, earthquake and so on. Moreover, these disasters occurred in different 
countries across the world, e.g., Colorado, Philippines, Australia, Singapore, Los Angeles and so on. We 
will explain in detail the data collection and pre-processing in the following section. We collected publicly 
available 12 different disaster datasets (Olteanu. 2017) each consisting of approximately 1,000 to 1,200 
tweets from different disasters such as wild fires, floods, shootings and so on. The detail information of 
datasets is provided below Table 1. All together the datasets consist of 12,831 tweets from disparate 
datasets. 

After collecting the data, we randomly took a sample data from each dataset to examine whether or not 
the dataset consists tweets in English language only. While performing this task, we noticed there are few 
tweets from languages other than English. For example, in the datasets of Philipinnes floods and typhoon 
Pablo. Hence we realised pre-processing is an important and required step to proceed to the further 
analysis. In order to clean and reduce the noise in the data, we pre-processed each dataset to eliminate the 
tweets other than English language. Of the 12 datasets, we identified all the datasets have language other 
than English. The results are presented in Table 1. 

Table 1. Data Description 

Name of dataset/Year Total number of tweets English Tweets Non-English Tweets 
Colorado wildfires – 2012 1,200 1,163 37 
Philipinnes floods - 2012 1,000 851 149 
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Typhoon Pablo - 2012 1,000 821 179 
Australia bushfire - 2013 1,200 1,174 26 
Bohol earthquake - 2013 1,000 837 163 
Brazil nightclub fire - 2013 1,000 407 593 
Glasgow helicopter crash - 2013 1,100 1,079 21 
Los Angeles airport shootings - 
2013 1,032 938 94 
New York train crash - 2013 1,000 968 32 
Savar building collapse -2013 1,250 1,107 143 
Singapore haze - 2013 1,000 947 53 
Typhoon Yolanda - 2013 1,049 946 103 

Table 1. Data Description 

Later, we applied the T-wordlist on the individual datasets. We segregated the tweets into two categories. 
The tweets that are matching with words of our T-wordlist and the tweets that are no way related or 
containing any of the words from our T-wordlist. Around 45% of T- words represented in the data, will be 
discussed in the results section. All together we extracted 4,791 number of tweets (43% of total tweets) as 
presented in Table 2Table 1. At this stage, to ensure whether or not the data is representing temporal 
information, validation is important. 

Validation of the T-wordlist 

Data validation is important part of any study because previous studies mentioned that the same word 
provides different meaning in different context. In order to ascertain whether the tweet is accurate 
enough in representing the time relevant information as we intended, we conducted a manual content 
analysis. In general, on an aggregated level to identify meaningful insights out of data, and to obtain 
replicable, reliable and valid inferences, researchers often apply a content analysis (Krippendorff 1989). 
This approach is often used in IS research either to figure out the categories inductively or to classify the 
information based on pre-defined categories. However, in our current study we neither wanted to 
categorise the data nor did we classify new information: as mentioned earlier, we wanted to check 
whether or not a tweet is containing time-relevant information that one can extract using the T-wordlist. 
Both researchers intensively worked on time-relevant words and discussed rigorously what constitutes 
temporal information and what does not. However, we felt a pilot study is required before we analyse a 
sample from all the twelve datasets. For this, we randomly selected a small sample of tweets from four 
datasets. In the pilot study, one of the researchers analysed a sample dataset individually to assess 
whether or not tweets are representing temporal information. Later, both researchers looked into the 
results and discussed them. Again, to ensure validity, in the subsequent stage, both researchers analysed a 
sample data of around 1,000 tweets from the matched tweets dataset representing different types of 
disasters. The preliminary results are discussed in the following section. 

In the future, as part of a further evaluation of our T-wordlist and also to bench mark it against 
established toolkits such as  TempoWordNet (Ga et al. 2014), we will apply both the T-wordlist and other 
toolkits on the disaster social media datasets from CrisisLex.org (Olteanu. 2017) and also on the data sets 
collected by us (such as Chennai floods Twitter data). In order to evaluate the results, we will also employ 
services from crowdsourcing platforms such as MicroWorker, Mechanical Turk etc. and in this way, we 
will compare the results and bench mark our T-wordlist against the existing methods and toolkits. After 
the benchmarking process, we will also enrich the T-wordlist by supplementing with suitable temporal 
expression words taken from TempoWordNet (Ga et al. 2014) and other relevant sources to make it more 
robust and useful.  
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Results and future work 
As base of our research in progress study, we used our T-wordlist which consists of 470 time-indicating 
phrases and a Twitter dataset consisting of 11,238 tweets in English language, as has been shown in Table 
1. After applying the T-wordlist we extracted the tweets consisting time indicating phrases (Table 2). Only 
210 words from the T-wordlist matched with words and phrases in our Twitter dataset. The frequency of 
words and phrases ranged from a single match to 628 matches in the 4791 tweets that were matched by 
the T-wordlist. Furthermore, 87 words of our T-wordlist appeared more than 10 times in the matched 
Twitter dataset. As a next step, we have to cross-check the data to make sure whether the tweet really 
contains the time-related information and also have to have a look into the tweets which had no time-
related information, to check if we have missed important phrases or words.  

Table 2. Matching of T-words 

Name of dataset/Year English Tweets Match (T-word) Non-Match  
Colorado wildfires - 2012 1,163 490 673 
Philipinnes floods - 2012 851 307 544 
Typhoon Pablo - 2012 821 340 481 
Australia bushfire -  2013 1,174 522 652 
Bohol earthquake - 2013 837 331 506 
Brazil nightclub fire - 2013 407 198 209 
Glasgow helicopter crash - 2013 1,079 441 638 
Los Angeles airport shootings - 
2013 938 450 488 
New York train crash - 2013 968 414 554 
Savar building collapse -2013 1,107 407 700 
Singapore haze - 2013 947 505 442 
Typhoon Yolanda - 2013 946 386 560 

Table 2. Matching of T-words 

Based on our preliminary results, in our future research we mainly will focus on compiling a more 
complete T-wordlist to achieve more accuracy. To make our wordlist more rigorous and robust, we have 
to tackle the problem how to deal with changing meanings of words, depending on the context in which 
they are used. For example, prepositions like, on (Monday), in (the morning), at (night), by (11 o’çlock) 
indicate temporal information. However, the same prepositions might also indicate the position and 
direction in different context. For example, in (the picture), on (the left), at (a concert), (standing) by. In 
this regard, by taking advantage of the support of one of the crowd sourcing platforms, we plan to make 
our wordlist more useful and generalizable to use it for different data analyses. Furthermore, we will use 
the services from crowd sourcing platforms to categorise the words (based on meaning) into 
past/present/future categories and also to benchmark out T-wordlist against existing temporal tools and 
toolkit as explained in the validation section.  
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