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ABSTRACT

Informal methods of communication, like tweets, rely heavily on initialization abbreviations to reduce
message size and time, making them difficult to mine and normalize using existing methods. Therefore, this
present study compiled a lexicon repository to normalize the initialism abbreviations used in tweets in the
English language. Several components were taken into consideration while compiling the repository. This
included the Tweepy Python library, keyword list, small developed rules, and online dictionaries. A lexicon
repository of 300 abbreviations and their complete forms was compiled. This will be used in an ongoing
study to normalize Twitter hate speech data and to detect it.
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1. INTRODUCTION

Social media users use informal language styles to communicate, making it difficult for natural
language processing (NLP) tools to process the data [1]. Furthermore, the abundant use of
abbreviations in informal writing poses a challenge in the text normalization process [2]. It is
common for social media users to abbreviate words, especially on Twitter, in lieu of full names
and words ([3]); [4]). Abbreviations are shortened versions of phrases or words, while an
acronym is a phrase or word that was shortened by combining its parts [5]. [6] used abbreviations
to normalize acronyms and abbreviations. Text mining algorithms produce more vector
dimensions when using Tweets that contain many slang or abbreviated words [7]. Subsequently,
extending all abbreviations and subclasses of these terms to their complete versions is necessary
[5] [8]. Text normalization has been used to enhance multiple social media NLP tasks [9].
However, the currently available normalization methods fail to resolve and correct the informal
abbreviation for tweets ([10]). An example of these abbreviations would be "RN" for “right now”
and "OMG" for “oh, my God”. Every language contains its own set of distinct abbreviations. As
such, social media platforms require dictionaries specific to each language [4]. This present study
constructed a lexicon repository to normalize initialization abbreviations on Twitter. The
compiled dictionary will be used to normalize Twitter hate speech detection data in an ongoing
study. The rest of this study is organized as follows: Section 2 addresses similar studies, Section
3 describes how to compile a dictionary, and Section 4 gives the findings. A summary of this
study and suggestions for future research are presented in Section 5.
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2. LITERATURE REVIEW

A rigorous normalization process is required to manage the wealth of social media data and text
created online. Linguistic resources, such as abbreviation dictionaries, could facilitate the
normalization process. This section discusses studies similar to the objectives of this present
study, i.e., creating dictionary resources to normalize abbreviations in social media texts. [3]
built a colloquial dictionary of the Malay language using a context-aware system and dealt with
ambiguity using the dictionary technique, where a term may have many meanings. The entries in
the context dictionary were based on how frequently the times before and after the mistaken word
appeared. As the dictionary contained a limited number of entries and a simple schema, it was
constructed using the Python dictionary module.

[11] used the string replace method to expand abbreviations by first converting an abbreviation to
lowercase and then searching it on four online dictionaries. However, there needs to be more
normalization dictionaries that are (1) able to provide an adequate vocabulary that is linked to a
webpage, (2) include internet slang and abbreviations, and (3) are frequently updated. [4] looked
for free webpages on the Internet to extract sets of abbreviations. The meaning of each
abbreviation was then manually checked on the available online dictionaries. According to the
study, online English texts do not include social media terms. As such, slang term lexicons
should be updated by manually compiling entries for each language.

[4] used a list of Spanish slang words carefully selected by [12] from 21,000 tweets using
emotional hashtags. The Tweepy Python library was then used to develop a list of 200 slang
words and their meanings. The words and their context were then manually revised.

Meanwhile, [13] created a context dictionary of Indonesian abbreviations and their multiple
context-based meanings. Only words that appeared in complaint sentences were compiled.
However, more research is needed to enhance the capacity of the algorithm to analyze English
words and determine whether settings other than complaint data may be utilized. [14] developed
a method based on the dictionary-based search and longest common subsequences (LCS) for
Indonesian abbreviations and acronyms. However, the data collection process and the costs of
maintaining the dictionary-based algorithm was high. Furthermore, the LCS performed poorly as
many words have similar subsequent words. [7] developed a dataset via crowdsourcing to use
the preceding or subsequent word as the keyword to normalize abbreviated Indonesian
words. However, specific keywords are needed for reliable meaning identification.

Multiple studies have developed abbreviation dictionaries for social media text in different
languages and for various tasks. Nevertheless, there need to be more dictionaries
resources to normalize abbreviations for hate speech detection in Twitter texts. Hate
tweets, there are no distinguishable characteristics between them and non-hate tweets[15].
Accordingly, It is possible that some abbreviations are only used in hate speech and would
not be included in a list of non-hate speech abbreviations. Therefore, a separate list of hate
speech abbreviations might be required to detect hate speech accurately. As such, this
present study constructed a dictionary to help normalize the abbreviations in Twitter hate
speech datasets.
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3. METHODOLOGY

Multiple components such as the Tweepy Python library, a list of keywords, a set of
rules, and online dictionaries were taken into consideration to compile such a resource.
These components are discussed in greater detail in the following subsection. Figure 1
depicts the methodology that was used to compile the abbreviation dictionary.
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Figure 1. The method used to compile the abbreviation dictionary

A Twitter registration form was completed to create a new profile and gain access to the
consumer key and secret (Figure 2). According to Twitter, each request must be authenticated
through Open Authorisation (OAuth) (Figure 3). Most tweets were retrieved by using an open
Twitter search API.
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Figure 2. The Twitter API form in the developer account
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Figure 3. The API access for authentication

Table 1. A list of hashtags used in the [17] dataset

Hashtag terms

99 LT

“MKR?”, “asian drive”, “femi-nazi”, “immigrant”, “nigger”, “sjw”,
“WomenAgainstFem- inism”, “blameonenotall”, “islam terrorism”

”

“racecard”, “race card”

5

“notallmen”, “victimcard”, “victim card”, “arab terror”, “gamergate”, j

sil”,

Figure 4. A sample of the downloaded tweets

The Tweepy Python library (http://www.tweepy.org/) was used to collect the tweets, excluding
tweets written in languages other than English [16]. Abbreviations that appeared in hateful
contexts were compiled using the exact keywords that [17] used. [17] provide 16000 annotated
tweets that contain hate speech. Keywords similar to those used by [17] were used to collect data
from Twitter. As seen in Table 1, as hate speech language on Twitter was the priority. However,
a word may be hated for one but good for another. We collected tweets using the same hashtag of
the benchmark dataset, which ensures the contextual text had to be the same for both offensive
and inoffensive tweets. However, the annotation agreement of this dataset was 84%.
Approximately 24506 tweets were downloaded using the hashtags associated with those terms.
Figure 4 provides a sample of the tweets extracted from Twitter.
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The extracted tweets were saved in the CSV file format. The abbreviations were then manually
selected at random and checked across the online dictionaries listed in Table 2.

Table 2. Internet dictionaries that used to confirm the interpretation of the abbreviations

Dictionary Name URL
Urban Dictionary https://www.urbandictionary.com
DICTIONARY.COM https://www.dictionary.com
ABBREVIATIONS https://www.abbreviations.com
NOSLANG.COM https://www.noslang.com
TheFreeDictionary https://www:.thefreedictionary.com/

These dictionaries contain many complete versions of one abbreviation. Furthermore, the
meaning of an abbreviation can varies depending on its context [13]. As a result, a set of
guidelines was created to select the most acceptable finished version for a particular abbreviation,
where lexical variants appear in settings identical to their legal forms. [18]. Multiple studies have
developed rule-based methods for a wide range of languages and tasks that yield impressive
results [20, 22, 23]. As data analysis indicates that correlations can be detected based on context
[24], the data was analyzed and used to develop the following rules:

a. If an abbreviation appears more than twice in a similar context, it is included.
As an example, the following two tweets:” Bataao BC ab victim card khel raha hai when
he is the one who called a fellow Muslim Islamist despite knowing the fa€|
https://t.co/pL52SOUEtQ, and “RT @tariq22qamar: Bataao BC ab victim card khel raha
hai when he is the one who called a fellow Muslim Islamist despite knowing the fact
tha€)”.

b. If an abbreviation lacks context, it is excluded.
As an illustration, in the following two tweets: ” @A _Feranmi @madebycharles
@DavidlAdeleke Backend o, everything. All while trying to shade NB for not being
a€cetrustwoda€, https://t.co/25SMXEP7KS5”, and “@EazyH4 OMGGGG YOU A KING
FR FR Y’ #respect dY¥°3Y¥°3Y¥° #NotAllMen”

c. If an abbreviation appears in a different context, it is excluded.
As an example, these two different tweets: “@CM6982 @RagemanFC @Spadez86
@Nerdrotics Since when tf was BP political or SIW or whatever the fuck?”,
“(@conservatyler But a lot of BP are astroturfed by elites who can shelter themselves
from consequences.”

It is significant to note that since we are interested in the context in which the abbreviations
appear, pre-processing task is optional here as it is done in related works.

4. RESULTS AND DISCUSSION

The abbreviations were randomly chosen from the extracted Twitter data and saved in a CSV file.
These words and their contexts were manually reviewed according to the developed rules. A list of
300 abbreviations and their complete forms were saved in a CSV file as the resulting dictionary
abbreviations. Figure 5 provides an excerpt of the complete form of the abbreviations.
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D20

Abbr
JFC
WHF
MKR
UFC
JFK
DPS
BGS
CFC
10 [ FML
11 FMD
12 SMH
13 WTF
14 MGM
15 BLK

QCONOOTUVAEWN=

16 LMFAO

J

B C D
Full
Jesus Fucking Christ
What the fuck
Mega Kack Reiz
Ultimate Fucking Championships
Just fucking kidding
Damage per second
bubble guts
Cand€™t fucking cap
Fuck My Life
Fuck My Day
shaking my head
well that fuck
male genital mutilation
Black
Laughing my fucking ass off

Figure 5. An excerpt of the initialism abbreviated words

However, a few existing works as [4] and [10], have collected English abbreviations from several
web sources, which are different from our data source. The results of this research were evaluated
with those of other comparable studies that built an abbreviation dictionary with data from
Twitter (Table 3). This present study was found to have extracted more tweet instances than

extant studies (Figure 6).

Table 3. A comparison with similar studies using twitter data

Reference Abbreviation Task Language
Count

[3] Small in general Text normalization Malay

[19] 378 Text normalization Indonesian

[12] 200 Sentiment analysis Spanish

Proposed 300 Hate speech English

abbreviation detection

dictionary
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Figure 6. A comparison of tweets extracted from similar extant studies

However, the created abbreviation list will be examined on how well it can handle the initialized
abbreviations when we develop the normalization model of hate speech text.On the other hand, a
dictionary for a new abbreviation term should be created. As a result, regularly updating with a
new abbreviation that cannot be found in our abbreviation list is necessary, which is available
upon request.

5. CONCLUSION

This present study constructed a Twitter lexicon repository that normalizes initialism
abbreviations. The dictionary was developed by using multiple strategies; such as collecting
tweets from the Tweepy Python library, a hate speech keyword, a few developed rules, and
online dictionary searches. The proposed method was then compared to similar methods that had
been used to build abbreviation dictionaries for Twitter. The suggested method was distinct from
those before in that it addressed the English language about hate speech. It also has more
abbreviations than similar methods, except for one method that extracted 78 more words. The
developed abbreviation dictionary will be used in a future study to normalize Twitter hate speech
detection datasets.
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