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Abstract: Urdu is the national language of Pakistan, and Roman Urdu is a writing system representing the
Urdu language using the Latin alphabet. The extraction of events from conversations conducted in Roman Urdu is a
challenging task. This study aims to recognize multi-word events from text, specifically conversations among users
of social networks. The expressed work consists of two phases: data preparation and event detection. In the first
phase, four different approaches were investigated to remove useless and stop words in Roman Urdu, providing a
comparison of the techniques. In the second phase, two different approaches were used to detect multi-word events
in the cleaned text. Among the two, one is based on word clustering and the other is based on word embedding with
the help of BiLM (a bidirectional language model). The clustering model efficiently finds events from conversations
without complex feature engineering or data training. The second approach uses BiLSTM to obtain word vectors
combined with NER (BIO) tagging to sequence the tagged dataset. Datasets for both approaches were prepared
separately from the tweets. A comparison shows that word clustering can accommodate new data more efficiently,
whereas a deep learning-based approach requires a huge amount of training data. The proposed approach detects the
best sequence of two- or three-word events and single-word events in Roman Urdu. Since text-based events can
play a significant role in finding the polarity or intensity of a conversation, two well-known techniques have been
tested and evaluated.

Keywords: natural language processing, Roman Urdu, useless words, multi-word event extraction,
bidirectional language models, event cluster.
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1. Introduction

Urdu is one of the most widely used languages on
social networks. For ease, most people used to type
Urdu words in English alphabets, which is known as
“Roman Urdu.” Roman Urdu lacks structure and
grammatical rules, making it difficult to find stop
words in the text [1].

We often have conversations in our native
languages on social networks where most people
express their opinions about some topic or event that
has occurred recently. As Urdu typing is a tedious
process, people use Roman Urdu to make chatting
easier during conversations. It is a difficult task to
process such text that includes not only special
characters but also useless words, so it is better to
extract keywords to extract some information regarding
the topic from such texts.

1.1. Natural Language Processing Techniques

Natural language processing (NLP) techniques are
methods used to process and analyze natural language
data, such as text and speech, using computational
algorithms and statistical models.

Commonly adopted NLP-based techniques include
tokenization, part-of-speech (POS) tagging, named
entity recognition (NER), and topic modeling. Word
embedding is used to create a vector from words
obtained from the tokenization process. For the under-
consideration problem, we have specifically worked on
NER, n-gram, and TF-IDF (Term Frequency-Inverse
Document Frequency) along with machine learning
algorithms. NER has been used to tag the event data,
while TFIDF has been employed to obtain the word
vector for ranked tokens.

1.2. Issues with Text Processing for Roman Urdu
Urdu text, or especially text written in Roman Urdu,
requires a few more steps to obtain the word vector.
The extra step in language preprocessing is the removal
of useless words and their short forms, such as “hai” (is)
being written as “h” or “ha”. Another issue is multi-
spelled words like “bimaar” (sick) or “beemar” or
“bemaar”. People also write incomplete words like
“gmsm” (lost), which should be written as “gumsum”.

These issues need to be tackled with special attention.
Writing effective code to process the data according to
an algorithm is necessary to address such problems.

1.3. Event Extraction

Event extraction is an NLP technique that involves
automatically identifying and extracting information
about events or key terms from text [2]. A useful tool
for extracting information from textual data is NER,
which can be effectively used for the automatic
recognition of specific names from various fields such
as weaponry names, clinical names, and archeological
names [3]-[5]. To mitigate the drawbacks of individual
approaches, hybrid solutions combine the advantages
of several approaches [6]. Word cluster is the collection
of words that may have a common global notion. For
example, “Khushi” (happiness), “rahat” (euphoria), and
“mazey” (fun), are all expressions of delight, which can
be used while talking about an event such as “shadi”
(marriage). Keyword extraction can also be referred to
as keyword detection or keyword analysis. When event
extraction techniques are applied, this text analysis
approach facilitates a faster process of information
extraction from text.

The presented research contributes to a novel
approach for text-based event detection. Finding a list
of Roman Urdu stop words is one of the contributions,
as it presents a challenge while cleaning the text
because there is no library to eliminate stop words for
Roman Urdu. Another contribution is to apply two
different approaches to detect the event from the
conversation initiated on a social network.

2. Research Background

Textual events can be extracted in terms of words
that may have the same or different meanings.
However, phrases used in a close group discussion may
have the same meaning [7]. Textual content can help
identify offensive words from written text by using the
n-gram model [1], but the hindrance is the mixed codes
that are usually used on social networks, as these codes
make it easy to chat or exchange opinions via text. One
of the primary objectives of event extraction is to
determine whether real-world events have been



130

recorded in articles and blogs [8]. Usually, researchers
interested in issues relevant to linguistic features or
text-based data consider English as the source. People
want to talk or chat in their native language for ease, or
they might think that opinions can be accurately
conveyed in their native language. In the disciplines of
preprocessing, feature extraction, lexicon, parsing, and
classification, [9] presented studies done in Roman and
Urdu. In [10], a framework for character-level event
extraction via a graph attention network (CAEE) has
been introduced. A comprehensive survey on the
extraction of events from text-based data has been
presented in [8].

Named entity recognition is employed for various
purposes because it makes it easy to extract knowledge
from words after tagging all the entities in the system.
A corpus in Dutch has been formed, tagging all six
entities mostly relevant to the system in the domain of
archeology [4]. Morpheme level NE tagging and
context-based NE tagging are provided for the Korean
language in [5]. To find medical records electronically,
a Chinese language-based clinical entity recognition
model has been proposed, which is a pre-trained
method [11]. It has been examined in [12] how long
twins can be observed in a random word with a k-letter
alphabet. ELMo (Embedding from Language Models)
is a type of deep contextualized word representation
that models both sophisticated aspects of word use and
the variety of word use across linguistic contexts [13].
ELMo phrase vectors for any language collect both
semantic and syntactic knowledge of the same type
[14]-[15]. Deep learning has provided promising
results for several types of natural language-based tasks
[16]. The ANN model, with adequate fine tuning, could
perform well in terms of accuracy in complicated
multi-label tasks, including personality classification
[17]. The studies reported in [18] compare classical
machine learning algorithms with deep learning
approaches for NLP challenges. Clustering of words
might play a significant role in the extraction of
valuable knowledge from text [19]-[21].

To obtain topic-based sentiment analysis,
“Sentiment Word Co-occurrence and Knowledge Pair
Feature Extraction with LDA” has been proposed, and

experimental findings show that SKP-LDA performs
better in terms of semantics and emotional content
clustering [22].

3. Materials and Methods

The very first task was to normalize the collected
text, which was in the form of conversations executed
by certain group with IDs. Subsequently, two methods
were employed for event identification or detection: K-
means clustering and neural networks integrated with

natural language processing techniques. Figure 1
illustrates the scenario in its entirety.
Stream of Keywords Event extraction by
K-means and
»| NLP(TF-IDF, Bigram,
Trigram, Similarity)
Techniques
/,// x\\
Useless words/ Comparison of
Stop-words Bothe the
removal of approaches.
Roman Urdu \ .
Event extraction
_| by LSTM and and
”| NLP(POS,NER)
Stream of Keywords Technique

Fig. 1 Proposed technique for event extraction (Developed by the
authors)

3.1. Initial Text Processing of the Dataset

We chose a dataset of Roman Urdu comments to
test our strategy for extracting stop words from text.
The first task to normalize the text is to remove emojis,
hash tags, web addresses, numbers, and special
characters or alphabets from other languages such as
Urdu and Hindi.

All documents or texts are tokenized as 7=) W,
where T is the set of all words in the combined
document D and W, is the i token. It has been
observed that single- and double-character words are as
meaningful as desired; therefore, by applying the
length count method, all such words are extracted.
Table 1 shows the technique of the length count
method, which pulls out useless words.

Table 1 Single and double letter removal (Developed by the authors)

Token Set T

Length Count Removed Words

{‘sahi’,’bt’, ‘Jin’, ‘ki’, ‘ibtedai’, ‘zindagi’, ‘aur’, ‘urooj’, ‘ki’, ‘daastan’, ‘qabil’, ‘e’,” rashk’,

Length Count (1) ‘e’

‘bhi, ‘ha’, ‘dilchasp’, ‘b’, ‘aur’, ‘kai’, ‘hawalon’, ‘se’ ‘qabil’, ‘e’, ‘taqleed’, ‘bi’}
(It is true that the story of his early life and rise is also enviable and interesting, and the

references to him are also exemplary.)

{‘sahi’, ’bt’, ‘Jin’, ‘ki’, ‘ibtedai’, ‘zindagi’, ‘aur’, ‘urooj’, ‘ki’, ‘daastan’, ‘qabil’,’rashk’, ‘bhi,
‘ha’, “dilchasp’, ‘b’,” aur’, ‘kai’, ‘hawalon’, ‘se’ ‘qabil’, taqleed’, ‘bi’}

Remaining words: {‘sahi’, ‘Jin’, ‘ibtedai’, ‘zindagi’, ‘aur’, ‘urooj’,
‘daastan’, ‘qabil’, ’rashk’, ‘bhi’, ‘dilchasp’,’aur’, ‘kai’, ‘hawalon’,
‘qabil’, ‘taqleed’}

Length Count (2) ‘bt’, ‘ki’, ‘se’, *bi’

3.2. Stop-Words Extraction

Method 1: TF-IDF Calculation

A corpus D can be defined as the collection of
several documents di, d,, ... d,, hence D =¥%7%,di;
where d; is the iy document. The number of
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occurrences of a word in some document di can be
calculated as:

tfiean = count(t, d;) (1)
where count is the function that computes the number
of occurrences of tin di

Inverse document frequency reveals rare terms in
the documents. For example, most tweets are
meaningless or consist of repeated words; therefore,
this measure can be used to find meaningful content. It
can be calculated as

idf, = logyo - )
where N represents the total number of documents and
dft is the number of documents containing the word t.
Equation 3 can simply be obtained by multiplying
equations 1 and 2 to obtain the rare terms.

. N
Weg = tfieanX idf, = count(t, d;)X logyg e 3

Method 2: Set Union and Intersection

In this method [12], the pairwise intersections of the
intersections of all documents are computed in two
Stepsas I,= Dy N Dy, |2:D20D3 ....... Ii=DiN D1
then again, the intersections of all obtained sets are
computedas I''= 1N, =i, NL....... D=1LN I+
1; where D is any document, | is the pairwise
intersection, and 7’ is the intersection of the pairwise
intersection. Finally, the union of all intersections is
computed as S = UX,I" where k is the number of
documents.

Method 3: Frequency Count

In this method, all words are tokenized first, and
then repeated occurrences of each token are counted. A
threshold number is used to select the top N words
from the entire list.

Method 4: Zipf’s Law

As asserted in [14], Zipf’s law can be used to
compute stop words for the Urdu language using
frequencies and rank relationships. It states that the
frequency of words defines their rank position. The
most frequently repeated word will get the first rank,
and rank 2 will be assigned to the second most
frequently repeated word.

3.3. Event Extraction Using Clustering

K-means is a popular unsupervised technique in
which an initial value of k is supplied and clusters are
constructed progressively around that value. Various
NLP tasks, such as putting comparable data elements
together to identify underlying trends or finding similar
terms, can be performed using clustering [20]. Before
clustering, we obtain the keywords, as mentioned in
Figure 2.

Set of comments

Sahi h #imran ©), behas q kertey ho mazey
karo bhai ki shadi per.

|

A

Initial step of
cleaning the text

Sahi h behas q kertey ho mazey karo bhai
ki shadi per

|

N
Single- and double-
character word
removal

Sahi behas kertey mazey karo bhai
shadi per

I

A

Roman Urdu stop-
words extraction

|

kertey karo per

A

Final step of
cleaning the text

Sahi behas mazey bhai shadi

|

Fig. 2 Extraction of keywords (Developed by the authors)

To employ K-means to recognize some words as
events, we have a dataset C = (C;, C,, Cs, ...) that
consists of N conversations, and our goal is to extract
words as events for each conversation C;.

For this purpose, an intersection of top-ranked
keywords and obtained word clusters was computed,
which can be called an event cluster (EC). The whole
process has been mentioned in the algorithm given
below.

Algorithm: EC formation
1. Data cleaning
2. Data vectorization
3. Best bigram/trigram extraction
4. Applying the K-means model to data to form N
clusters
Finding top-ranked words by applying TF-IDF
Event Term extraction
If the top-ranked term is in cluster Ei
If top-ranked terms occur in bigrams or
trigrams
then the event would be of two-word or
three-word
term and added to the EC
else
single word event term will be added to
the EC

oo

In Table 2, one-word, bigram, or trigram events are
exemplified to understand the proposed technique for
ordering two-word or three-word terms as events.

Table 2 Event type (Developed by the authors)

Sentence Examples of an Event type
event

Apki shadi kab hogi? “Shadi” One-word

(When will you get (unigram)

married?)

Yes! Dekha tha wo “cricket”, “match” Two-word

cricket match bhi.
(Yes, | watched the
cricket match, too)

(bi-gram)
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Continuation of Table 2

Eid miladun nabi ka “eid”, “miladun” , Three-word
intezaar hai bus. ”nabi”
(Just waiting for Eid (tri-gram)

Miladunn Nabi)

3.4. Event Recognition Using NER and Neural
Networks

Named entity recognition (NER) helps identify key
terms in a text, such as the names of people, locations,
food, medical equipment, and more. Tagging the major
entities in a text aids in the sorting of unstructured data
and the detection of notable information, which is
critical when dealing with large datasets [18].

3.5. Preparing the Dataset

We considered raw data in the form of mixed
wordings of Roman Urdu and English, but as our
primary task was to work with Roman Urdu, the data
were tagged only for words written in Roman Urdu. An
event, as described before, could be of one word,
consist of two words, or be a trigram. Analyzing the
sets of conversations, it has been observed that active
users use the word or words repeatedly for which they
are talking about, like “shadi” (marriage) or “cricket
match”. Table 3 shows some words that are tagged as
events using the BIO tagging scheme. Each word has
been tagged according to the same scheme.

Table 3 BIO tagging of events (Developed by the authors)

Sentence Tagged word as Tags
event
Ap ki shadi kab ho gi? “Shadi” B-eve

(When will you get
married?)

Yes! Dekha tha wo cricket
match bhi.

(Yes, | watched the cricket
match too)

Eid milad un nabi ka
intezaar hai bus.

(Just waiting for Eid
Miladunn Nabi)

“cricket”, “match” B-eve, l-eve

“eid”, “miladun”,
4‘nabi77

B-eve, I-
eve, l-eve

All other words are tagged as “O” for instance, in
the first sentence “Ap”, “ki”, “kab”, “ho”, “gi”, and are
tagged with “O” which means outsi.

3.6. Bidirectional Language Models

Bidirectional long-short term memory (biLSTM) is
a technique that allows any neural network to store
sequence information in both directions, backward and
forward, as described in Figure 3.

Activation Layer ]
«——LSTMb|e
Backward Layer

Forward Layer

Input words sequence

Fig. 3 Bidirectional LSTM operation (Developed by the authors)

A systemic approach has been presented in [15] for
learning  high-quality — deep  context-dependent
interpretations from bi-directional language models
(biLMs) and demonstrating significant improvements
when using ELMo for various NLP tasks such as
textual entailment, semantic role labeling, and named
entity extraction. We applied ELMo embedding along
with bidirectional LSTM to our dataset.

The standard method for developing a language
model is to infer a word based on prior words. An n-
gram model was used to find significant word
sequences. The same task could be performed
employing recurrent neural networks, but an RNN
provides a limitless left context only of some target
word.

To design a deep learning-based framework, two
biLSTM layers are required: the first for ELMo word
embedding and the second for processing the output
from the embedding layer. The concatenated output
from both forward and backward LSTM of the second
layer is then sent to an additional layer to find the
correct tags. Figure 4 presents the complete picture of
the event recognition using a neural network.

B-eve O (o] o]

r 1T 1T 1

| Wrapping Layer with SoftMax |
4 4 4
Com( GG

[ LSTH-2 ]

[Lsm-z ] [ LSTIA-2 ] [ LSTH-2 ]

[ LSTH-1 [ LSTM-1 [ LSTH-1

1 1 1

[ LSTHA-1 ]

T 1T 1 1

’ Cricket Khail Sakain gey |
Fig. 4 Prediction of the event (Developed by the authors)

4. Experimental Results and Discussion

4.1. Roman Urdu Stop-Word /Useless-Word
Removal

We used a sequential strategy to normalize the
content. Data were first split down into individual
words, and, after non-alphabetical terms were removed,
words were rendered in lower case. Four approaches
were explored to generate a list of useless and stop
words for Roman Urdu, as shown in Tables 4-7.

In Table 4, the TF-IDF method results have been
presented for Roman Urdu stop-word extraction. TF-
IDF is supposed to work well while finding stop-words
for any natural language.
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Table 4 TF-IDF method (Developed by the authors)

Experiment  No.of Total No. Stop-words extracted

# Docs of words by the TF-IDF method
Correct Incorrect

1 392 3387 29 6

2 393 4760 24 2

3 325 6252 30 4

4 816 19768 60 13

Table 5 Union of intersection method (Developed by the authors)

Experiment  No.of Total No. Stop-words extracted

# Docs of words by the Set IU method
Correct Incorrect

1 392 3387 25 10

2 393 4760 21 4

3 325 6252 55 26

4 816 19768 161 80

It can be observed that the Set Ul method does not
work accurately, while in Table 6, the frequency
method seems good, but its accuracy decreases when
the count of top-extracted terms is increased.

Table 6 Frequency count method (Developed by the authors)

Experiment  No.of Total Stop-words extracted by
# Docs No. of the frequency count
words method
Correct  Incorrect
1 392 3387 19 2
2 393 4760 19 1
3 325 6252 20 0
4 816 19768 26 4

Zipf’s law provides almost the same results as TF-
IDF.

Table 7 Zipf’s method (Developed by the authors)

text as a mixture of English and their native language
for instance “aap aur main only at khana, okay?”
(translation: You and I will have dinner, okay?) which
includes “only”, “at” and “okay”. The list of useless
Roman Urdu words is given in Table 9.

Table 9 Useless words (Developed by the authors)

S. Useless Meaningin  S. No. Useless Meaning in

No.  words English words English

1 aaj Today 24 Karte Would do

2 aap You 25 kay Of the

3 acha Good 26 kisi Someone

4 aik One 27 kiya What

5 apney Oown 28 koi Someone

6 aur And 29 Lekin But

7 bad After 30 kon Who

8 bhee Too 317- liye For
85692+*-

9 bohat Much 32 Main |

10 bus Enough 33 Mein In

11 diya Gave 34 maira Mine

12 hai Is 35 Nahi No

13 hain Are 36 Rahe Stay

14 hogaey Will be 37 Sab All

15 honge Will be 38 Sath With

16 hum We 39 Sey From

17 inho They 40 Tau So

18 jab When 41 tha Was

19 jis Which 42 tum You

20 kal Yesterday 43 unhon He

21 kabhi Ever 44 waley The ones

22 karey Do it 45 woh They

23 karo Do it 46 yeh This

4.2. Event Finding Using K-Means Clustering

One of the objectives of this research is the
formation of an EC or event cluster that can also be
used to perform NER tagging of a huge amount of data.
About 10 different small datasets that contain texts
ranging from 650 to 3000 sentences have been used to
form EC.

Experiment No.of Total No. Stop-words extracted

# Docs of words by Zipf’s method
Correct Incorrect

1 392 3387 29 6

2 393 4760 24 2

3 325 6252 30 4

4 816 19768 60 13

N clusters are formed by the K-means algorithm,
and the top three terms for each cluster are found.
These terms are then matched with top-ranked tokens,
and the cluster that has the maximum common terms
with the top-ranked token is selected. To find the best

All four of these strategies are compared in Table 8.

Table 8 Comparison of the four approaches (Developed by the

authors)
No. of Accuracy scores
Documents TF-IDF  Zipf’s Count Set Ul
law Method Method
3387 0.79 0.88 0.80 .60
4760 0.91 0.96 0.95 0.80
6252 0.87 0.93 0.99 0.53
19768 0.78 0.84 0.83 0.50

We prepared a list of such useless words or stop-
words using TF-IDF and Zipf’s law for the proposed
model. This list was then used to eliminate all
unnecessary words from Roman scripts to obtain
valuable terms. After cleaning the text, we use both
English stop-word removal and Roman Urdu useless
word removal. At the time of cleaning text, English
stop-word removal is required as usually people write

order of these terms, we used bigrams and trigrams.
The event is then added to the EC as a single, double,
or triple term. The simple rule for constructing event
terms is to take the intersection of top-ranked words
and order the common terms according to bigrams and
trigrams.

For example, if two top-ranked phrases occur in just
one bigram pattern, the two-word event is added to EC;
otherwise, a single-word event is added to EC. In table
10, for dataset 1, cluster 2 has all three terms, which are
also top- ranked tokens. Therefore, the event will be a
three-letter word, and with the help of a trigram, the
event should be “plane crash Karachi”. In dataset 3,
two events “eidul fitar” and “plane crash” occur during
the same time, but the text for event 1 is comparatively
larger in size so significantly it appears as the event.

Table 10 Event extraction (Developed by the authors)
S. No. Formation of an EC (Event Cluster)
Dataset  Total No. of 1301
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S. No. Formation of an EC (Event Cluster) S. No. Formation of an EC (Event Cluster)
1 Sentences in Dataset ~ Total No. of 3366

Ci 4 Sentences in

No. of Words 21440 Ci

inCi No. of Words 27125

Best Bigrams ~ [(‘plane’, ‘crash’), (‘crash’, 'karachi'), in Ci

(loved', ‘'one")]

[(plane’, ‘crash’, 'karachi'), (‘pia’,
'plane’, ‘crash’), (‘plane’, ‘crash’,
‘crash"),]

Best Trigrams

Top-ranked ‘crash’ ,’karachi’ ,’plane’
Words
Cluster 2
Event added [‘plane crash karachi’]
to the EC
Dataset  Total No. of 1395
2 Sentences in
Ci
No. of Words 13340
inCi
Best Bigrams  [(‘please’, 'play’), (‘'star', ‘hina’), (‘plz’,
‘play’)]
Best Trigrams  [(‘please’, 'play’, ‘energetic’),
(‘please’, 'play’, 'right’), (‘please’,
‘play’, 'spring’)]
Top-ranked ‘khushi’,’play’,’please’
Words
Cluster 3
Event added [‘khushi’]
to the EC
Dataset  Total No. of 695
3 Sentences in
Ci
No. of Words 7836
inCi

Best Bigrams  [(‘eidul’, fitar"), (‘fitar', 'mubarak’),
(‘plane’, ‘crash’)]

[Ceidul', *fitar', ‘mubarak’), (‘apko’,
‘eid’, 'mubarik’), (‘eidul’, "fitar',
‘barkatain’),

Best Trigrams

Top-ranked “fitar’,”eidul’,”’mubarak’
Words

Cluster 2

Event added [‘eidul’,’ fitar’,’mubarak’]
to the EC

Best Bigrams  [(‘imran’, ‘khan’), (‘prime’,
‘minister’), (‘gilgit’, ‘baltistan”)]
[(“minister’, ‘imran’, ‘khan’),
(‘imran’, ‘khan’, ‘buzdar’),
(‘pakistan’, 'imran’, 'khan']

Best Trigrams

Top-ranked ‘khan’, ‘imran’, ‘shadi’
Words

Cluster 2

Event added [‘imran khan’]

to the EC

4.3. Event Recognition Using the NER Approach
The event recognition targets were met by
combining NER tagging and ELMo vectorization with
a neural network technique. The dataset for events was
created by applying NER tagging. The network was
trained using three epochs, and a report of assessment
metrics was created, revealing an accuracy score of
nearly 96 %, a recall score of approximately 86%, and
an f1 score of more than 90 %, as shown in Table 11.

Table 11 Event recognition by NER and ANN (Developed by the

authors)
Analysis Report  Precision recall fl-score Support
Event Tag (eve)  0.96 0.86 0.91 222
Micro Avrg 0.96 0.86 0.91 255
Macro Avrg 0.98 0.85 0.91 255
Weighted Avrg 0.97 0.86 0.91 255

A comparison can be taken as given below for the
two techniques. Both techniques can recognize multi-
words event efficiently but clustering based technique
is more flexible, as shown in Table 12.

Table 12 Comparison of the two techniques (Developed by the authors)

Event extraction
technique

Significance of useless
word removal

Multi-word event extraction

Accuracy Flexibility of the

technique

Clustering Based Fasten the process of

extraction
LSTM based No prominent effect on

working detected

Automatically finds events
consisting of multiple words

Multi-word events can be

Depends on the New terms can be added

frequency of event  to the event cluster.
terms

More accurate if Might generate incorrect
trained results for new terms

5. Conclusion

Roman Urdu is widely used for text-based
communication. Our work involves first detecting and
removing unwanted words, followed by event
extraction. In this paper, event extraction for Roman
Urdu, which is a low-resource language, has been
presented. This required additional processing such as
Urdu stop-word detection and removal. For this
purpose, we examined four approaches for removing
unnecessary words. The results reveal that the Set Ul
approach is not applicable to all Roman Urdu datasets.
All three additional approaches that employ the count

of individual words or the frequency with which they
appear in a document produce efficient results. We
have constructed a list of useless words/stop-words for
Roman Urdu by combining the results of all three
approaches. The event was then extracted from the text
using two distinct methods: applying word clustering
and tagged sequence. In the clustering approach, all
keywords are divided among N clusters, and then the
cluster that has the top three words common with the
top-ranked words is chosen to detect the event. Then,
that event is kept in an event cluster, which can be used
to detect event order, event trigger period, before-
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events and after-events for some specific event, etc.
The proposed model can efficiently find events from
conversations without requiring complex feature
engineering or training of the data. The second
approach used ELMo word embedding to sequence the
tagged dataset using NER (BIO) tagging and neural
networks to recognize text-based events, and the
system was given an event-tagged dataset for training.
For both techniques, sets of conversations were used
and datasets were created.

Our contribution to this research was to prepare a
list of Urdu stop words that can be used to preprocess
any text containing Roman Urdu. Another contribution
is to maintain an event cluster along with identifying
multi-word sequences as events, which can be used to
analyze how texts function within social and cultural
contexts.

Both of these strategies will be useful when dealing
with textual events because the cluster of events will
give out information not only about often occurring
events but also about certain new textual occurrences,
such as “Plane crash at Karachi.” While NER
techniques function quickly in conjunction with neural
networks, once trained, they recognize events in a very
fast and accurate manner. The main advantage of
clustering is that it can identify some textual term(s) as
an event without requiring any specific data. NER
tagging and ANN can recognize an event quickly if
trained, but finding events that are not included in the
dataset system might produce incorrect results.

The proposed work can be used for various
purposes, such as multi-word topic finding, hot trends
in conversations, and polarity of opinions toward the
topic, etc. Low-resource languages such as Roman
Urdu are of keen interest to researchers, but the
unavailability of digital processing facilities is a
hindrance. Furthermore, our research might help them
to preprocess the texts easily.
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