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Abstract

Sentiment Analysis (SA) is an ongoing area of research that focuses on understanding individuals'
thoughts, attitudes, and emotions regarding various subjects, such as products, issues, or people.
Urdu sentiment analysis is becoming increasingly important as people prefer expressing their
thoughts and feelings in their native language. However, sentiment analyzers that work well for
widely studied languages like English are often ineffective for Urdu due to differences in script,
morphology, and grammar. One of the significant challenges in analyzing Urdu text is word
segmentation, as there are no explicit word boundaries like those found in other languages where
spaces are used to separate words. In Urdu, compound words can be formed by strings of characters
that collectively represent a single word or meaning. Traditionally, bigram or trigram techniques
are used to identify these compound words during tokenization. This study proposes a
morphological rules-based approach to identify compound terms in Urdu text for tokenization.
Alongside conventional methods, we utilize these compound terms for sentiment analysis of Urdu
text documents. Additionally, we consider negation, and intensifiers present with compound words
to classify statements as positive, negative, or neutral. We conduct a comprehensive evaluation on
a suitably sized dataset to compare the effectiveness of the proposed method against traditional
techniques. The results indicate that our suggested method can categorize Urdu text content as
positive, negative, or neutral with improved accuracy.

Keywords: Sentimentanalysis, Urdusentimentanalyzer, Compound Based Urdu sentiment,
Compound words

1. INTRODUCTION

Sentiment Analysis (SA) or Opinion Mining (OM) is an ongoing field of research in which people's opinions,
attitudes, and emotions about an object or entity are mainly focused. SA is always considered challenging due to
domain dependency, sentences with mixed views, changing sentiments/opinions with time (even by the same
opinion holder), and credibility and authenticity of the opinions. Further, as the contents uploaded on social media
are usually noisy and mixed up with linguistic variations, the task of SA has become more challenging
(lo2017multilingual). Text classification in sentiment analysis involves natural language processing, machine
learning, data mining, information retrieval and other research fields (Krishnamoorthy, 2018).

Broadly, SA can be categorized into document-level, sentence-level, and aspect-level. One or more subjects are
analyzed in document-level classification. It is assumed that sentiments are expressed about a single topic in the
whole document (Hoogervorst et al., 2016). The task is categorizing the document as positive, negative, or neutral,
assuming that the document has opinions for a single object from a single opinion holder. Document-level mining
is difficult as one document may contain conflicting opinions about the same target. (Farra et al., 2010) . There
may be a positive document with several negative sentences. The problem is solved in sentence-level
classification, where every sentence is taken as a separate analytical unit, and it is a more detailed level of analysis.
There are two major tasks at this level: Subjectivity Classification and Sentiment Classification (SC). Subjectivity
Classification identifies sentences as subjective (with an opinion) or objective. SC is the
categorization/classification of sentences/reviews as negative, positive, or neutral. Sentence-level
categorization/classification is challenging because of the Semantic Orientation (SO) of context-dependent words
(Farra et al., 2010). Aspect-level SA concerns the methods used to identify the entities and aspects of the entities
about which the text expresses the opinion (B. Liu, 2012). Within the given text, the focus is on the sentiment-
target pairs that may range from sentence(s) to a complete corpus with many documents(Hoogervorst et al., 2016).
(Appel et al., 2018) use a hybrid method based on negation handling, sentiment lexicon, semantic rules, and
ambiguity management. Information Retrieval (I.R.), Name Entity Recognition (NER), and Sentiment Analysis
(S.A.) need word segmentation as a preprocessing step. These techniques generally need input text with distinct
word boundaries.
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Several techniques have been proposed to solve tokenization problems for other languages. For example, longest
and maximum matching strings are traditional techniques that depend on the availability of a lexicon that contains
all morphological forms of a word. For Urdu, such lexicons are not readily available. Feature-based techniques
(Charoenpornsawat et al., n.d.) (Meknavin et al., 1997) that use Part-of-speech (POS) information for tokenization
consider the context around a word for specific words and associations. Some word tokenization models consider
word and syllable vocabulary (Aroonmanakun, 2002) when developing a learning model. In addition to syllable
and word probabilities, statistical models considering character probabilities have also performed reasonably well.
During tokenization, compound words, duplicated words, and words with affixations, names, and abbreviations
must also have a single boundary (Mukund & Srihari, 2010). Word tokenization in Urdu text documents is very
challenging because Word boundaries are not specified by only space, as in other languages. A compound, also
known as a multiword expression (MWE), is a more complex word consisting of multiple strings or independent
words. Many independent words in Urdu can be written in two forms: a) as a combined word, for example,
""" (Intellectuals), and b) can be written separately, such as " Jisla" (Intellectuals).

Table 1: Representation of Compound Words as Separate and Combined Words in Urdu Text Document

Separate words Combined words Separate words Combined words
~S U (because) ~5 9> (because) 5 i (University) s 58 52 (University)
Ll (leader) Ll (leader) Jlsa a2 (grieving) Jlsa<e (grieving)
~S S (because) ~S35S (because) Celea a1 (class fellow) Celana (class fellow)
U Juasi (Tahsildar) Jlaluass (tahsildar) Bl (S (for the sake) RS (for the sake)
G sa A (beautiful) G s 95 (beautiful) JS Ja (beautiful) sda (beautiful)

Jsa uss (bloodthirsty) Jlsaisa (bloodthirsty) ~S e (in order that) ~Swa e (in order that)
Gihe S (according to) Ghes (according to) O sa S (the case of) < »as (the case of)
~S s (however) 33 (however) ~S i (rather) ~L (rather)
~> U (therefore) ~33la (therefore) ~S s (while) ~Sa (while)

Famous Urdu books (Akhtar Hussain Faizi, 2011; 1975 ,«x4 ) argue that two independent words should be written
separately. Mainly, two independent Urdu words are written as a single word. The ease of reading and writing
lies in the words not being written together. Table 1 shows compound words as combined and in separate forms.
Compound Words are two or more words that have been grouped to create a new word having different individual
meanings; for example, from "Jis" (happy), a new compound word "z! = Jisa™ (pleasant) can be created by
adding an affix "z! " (mood) or "<awS" (unfortunate) can be written as "< oS" (unfortunate).

Two types of derivations of Urdu words are described by (Islam, 2012). First, derivation by affixation, such as
"o 3" (responsibility) in which "l (possession) is a non-word suffix (Hardie, 2004), and *'~3"
(responsible) is an independent word. The second compound derivation is in which two independent words are
concatenated to form a compound word, such as "3l Jisa" (humble). In such compound words, mostly one
constituent comes from the Persian or Arabic language (Islam, 2012). The compound can be a hybrid "' s ~b_S"
(grocery store) (Qureshi et al., 2012). (Jabbar & Igbal, n.d.) describes two types of compound words: the first is
created by affixing words such as "<ils ~la da" (jail), "l ~3" (responsibility), and the second is created by
Mohmil (meaningless) words such as " i sia" (juggling) and "= 3y 2 55" (dress).

Word segmentation is significant in various information retrieval and sentiment classification tasks as a feature
vector. It can break down and separate written text into meaningful units known as tokens. Compounding words,
names, words with suffixes, and abbreviations must also have a single boundary during tokenization. Urdu word
segmentation is challenging for several reasons, but the most common one is identifying compound words. The
compound word, a multiword expression, is a more complex word consisting of many strings or independent base
words. Traditionally, the tokenization process identifies compound words using bigram or trigram approaches.
The challenge with these techniques is that they produce meaningful words. Many independent words in Urdu
can be written in two forms: a) as a combined word, for example, _ %32 b) can be written separately, such as Uil
s Urdu has complex words structure, and derives a sole process to identify new words in the Urdu language, for
example from an Urdu Jis> (happy), by adding the affix, a new word #! « Jisa (pleasant) is created (Syed et al.,
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2014).

Certain compound words exhibit inflections between their components, as seen in examples like " &3 5 &5" (sour
and bitter). These compounds, referred to as inflectional compounds (ke S ), demonstrate a linguistic
phenomenon where inflections serve to connect the constituent parts. Another type of compound word, known as
Noun-Izafat-Noun (8Ll S 4s), is a morphological construct worth investigating. In Urdu, 1zafat, derived from
Persian, is a linguistic feature denoted by an enclitic short vowel that links two nouns or nouns and an adjective.
Often pronounced or written as "-e-", this element serves to unite words, similar to the function of Adjectival
Compounds (4= 53 S 1), in instances where a noun and an adjective coalesce, as in the case of " oS <" (sweet
water), a new compound word emerges.

Due to the issues mentioned above, identifying compound words is also an important task. Examples (1), (2), and
(3) show the importance of compound words as sentiment terms. In these examples, underlined and highlighted
terms are compound words, which are used to classify the sentence as positive, negative, or neutral.

(1) b S I8 agiaa S g O S U5

@) o il A Ly el Eigga B (eS e BT S sale QI L pad Alaba”
?) LS cnd S o e ) ) ghaa 1S () gleaa i) 3 (50

In above examples < s 5 &, Gl (S 5 S 2 sans ey d aldlas (saie (il 5T S (gaie (E, 1 glae K sinas O aae
all these terms are known as compound words.

Purpose of the study is to use morphological compound words as sentiment expression to classify the sentence
as positive, negative, or neutral. Objective of the proposed method is described as follows:

1. To identify morphological based compound words for sentiment analysis of Urdu text.

2. To develop a stat of the art method that will classify sentences as positive, negative, and neutral.
3. Use of negations and intensifiers to achieve higher accuracy.

4, To achieve higher accuracy as compared to previous work done.

To achieve objective (1), all set of possible rules are used for identification of compound words for Urdu text rather
than identification of compounds manually checking from dictionary. For achieving objective (2), Lexicon-based
system i.e. Urdu sentiment analyser for Urdu blogs is developed as part of this research. For achieving objective (3),
negation and intensifier are used for sentence polarities. If a compound word has negative polarity, then its polarity
will be -1 but if compound word followed by intensifier its polarity will be -2. Same in case of positive one, if a
word / compound word has positive meaning then its polarity will be +1 but for compound word followed by
intensifier polarity will be +2.

This paper is organized in the following way: review of related literature is given in section 2. Steps involved in
construction of compound words and methodology for developing lexicon-based systems, i.e., Urdu sentiment
analyzer is discussed in section 3. Results are interpreted in section 4. Conclusion and future recommendations
are given in section 5.

2. LITERATURE REVIEW OF URDU LANGUAGE

2.1 Word segmentation

A variety of tokenization or segmentation techniques, including rule-based methods, can be used for the various
languages spoken throughout the globe (Kaplan, 2005; Z. Rehman et al., 2011), statistical techniques (Manning
& Schutze, 1999), fuzzy techniques (Papageorgiou, 1994), lexical techniques (Aroonmanakun, 2002; Meknavin
etal., 1997), and feature-based techniques (Mukund & Srihari, 2010). Considerable efforts have also been made
in the Arabic and Persian languages. Word segmentation in Urdu is associated with two issues: (i) Space-insertion
and (ii) Space-omission. Connector and non-connector Urdu alphabets are classified by (Syed et al., 2014). In a
single word, a space can be included, e.g., (“Ls= <) (beautiful). Between two separate words, meanwhile,
space can be omitted, e.g., "S<le" (universal). Most Urdu words are made up of multiple words (usually two).
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So, for example, the unigram (cib (isa) (happy) is a two-string unigram. These strings belong to a similar word
in terms of syntax and semantics: "Jib Ui 52" becomes "Uilsd 2" when the space is left out. Therefore, we need to
insert space between words (Durrani & Hussain, 2010). Word boundary identification is an essential task in Urdu
text. For instance, the word "<, ) (2" is written with numerous spaces, whereas "<l ™ is written without

any "|", (Syed et al., 2011) indicates the word boundary, as in <l slc2.

(Durrani & Hussain, 2010) claimed that the Urdu corpus's morphemes, bi-gram statistics, affixes, and prefixes
could be used to create a maximum matching framework based on guidelines for Urdu word segmentation. After
the segmentation procedure, more than 90% of the words were accurately classified for each category. On the
other side, the suggested model cannot handle unfamiliar terms. (Daud et al., 2017) segmented Urdu words using
Open NLP, a machine learning-based toolbox, was used during the preprocessing stage. They concluded that
segmenting Urdu words is challenging because no specialized tools are available and proposed a hybrid approach
combining the Hidden Markov Model (HMM) with dictionary searches. The training involves utilizing a Bigram
Hidden Markov Model (HMM) to capture the character transitions within the word positions in the word boundary
segmentation (Mukund & Srihari, 2012). They took advantage of the well-segmented Urdu corpus from CRULP
as training data. (Khan et al., 2018) conducted a thorough investigation of applying different machine learning
algorithms for various Natural Language Processing (NLP) tasks. Their literature review aims to do several things.
However, one of them is to look closely at supervised machine learning models discussed in the literature
concerning five core NLP tasks: word segmentation, sentence boundary detection, named entity identification,
and part-of-speech tagging. (Lehal, 2010) trained segmentation modules to handle space omission issues in Urdu
and Urdu-Devanagari translation systems using bilingualist datasets and statistical word disambiguation
approaches. The J. Mahar model was established for the Sindhi language by (Farooqui et al., 2017). There are
three levels, as per J. Mahar's model. First-layer tokens represent simple words. Compound words are segmented
in the J. Mahar model's second layer. The third layer uses tokenization to break complex words into smaller parts.
(Mahmood & Srivastava, 2018) proposed segmenting typewritten Urdu text into text lines based on edges data of
related components. Local Weight (LW) and Global Weight (GW) based approaches were modeled as extractive
text summarization models for Urdu (Nawaz et al., 2020). However, whitespace was an inadequate delimiter for
most words, leading to ambiguous splits. Multiple consecutive strings were considered a single word or phrase,
although this study did not focus on handling compound words. (Zia et al., 2018) proposed a Conditional Random
Field (CRF)--based model for Urdu word segmentation, achieving high accuracy.

Meanwhile, (Farhan et al., 2020) enhanced Zia et al.'s findings by incorporating morphological context features,
improving performance. In Urdu, a word's function as an affix or content word depends on context. For instance,
"khush numa/cheerful" uses "khush/cheer" as a content word, whereas "khush/cheer" may function as an affix in
phrases like "khush ikhlag/courtesy." Distinguishing between affixes and content words poses a challenge, with
existing studies identifying segmentation issues but failing to provide solutions. Further techniques, including
morpheme matching, have been developed to address compound word boundary detection, affixation,
reduplication, names, and abbreviations in Urdu text.

2.2 Text Sentiment Analysis

Text sentiment Analyzers use advanced technology for text emotions classifications. For sentiment analysis, text
classification can be divided into three levels: i.e. chapters (Z. U. Rehman & Bajwa, 2017) sentences (Hao et al.,
2017) and words (K. Liu et al., 2015) . According to the classification for sentiment orientation, it may be divided
into binary sentiment classification (Manek et al., 2017), ternary sentiment classification (Mubarok et al., 2017)
and multi-sentiment classification (Bouazizi & Ohtsuki, 2017). Many researchers have developed Urdu lexicons.
An Urdu lexicon was developed by (ljaz & Hussain, 2007) using a corpus. (Muaz et al., 2009) developed POS
tagged corpus. Another Urdu corpus labelled with semantic role using cross-lingual projection was developed by
(Mukund et al., 2010). A corpus-based Urdu lexicon was developed by (Humayoun et al., 2007). (Syed et al.,
2010) constructed sentimental annotated lexicon. In their lexicon, Senti unit (sentiment carrier expression) was
extracted and classified based on intensity and orientation. In a separate work, the authors evaluated their model
with this Urdu sentiment annotated lexicon, using two corpora of reviews on the domain of movies and
electronics. They achieved 74% accuracy (Syed et al., 2011). In yet another work, targets are associated with the
Senti units to increase the performance of the lexicon up to 82.5% (Syed et al., 2014). In given research, opinions
were made on the basis of noun phrases. A bi lingual lexicon based SA system was proposed related to election
2013 held in Pakistan, performed on basis of some tweets written in Roman Urdu and English language (Javed &
Afzal, 2013). The Researchers used two lexicon SentiStrength for English tweets, and for Roman Urdu tweets
were gathered manually. Other’s lexicons were developed using English to Roman Urdu Dictionary and
SentiStrength. In that research, adjectives were firstly extracted and compared with the opinion word dictionary.
These opinion words were manually designed to find out the polarity (Positive, negative, or neutral) of opinions.
In their approach, a total of 21.1% opinions were falsely classified.
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3. USE OF MORPHOLOGICAL BASED COMPOUND WORDS FOR SENTIMENT
CLASSIFICATION

In this research, sentence-level SA is performed, where each sentence is considered a separate unit for performing
SA. After processing each sentence by assigning polarities to compound words and adding those polarities, each
sentence is classified as positive, negative, or neutral. The proposed methodology for Urdu Sentiment Analysis
using Compound Words is described in the next section.

3.1 Architecture of Proposed Methodology

In this research, we focus on the practical application of sentence-level SA, where each sentence is considered a
separate unit for SA. By assigning polarities to compound words and aggregating those polarities, we classify
each sentence as positive, negative, or neutral. The proposed methodology for Urdu Sentiment Analysis using
Compound Words, which has direct practical implications, is depicted in Figure 1.

- Comp ound words
POS Tagging (Identification of

Data Cleaning
(Mos, alphanumeric
characters, Stop words)

(Using Sranza) compound words based,

Urdu Text on morphological rile)

Preprocessing

Matching compound
words with lexicon

PN | !
[ Sentence is Positive ”"— 5=0 >
o 1 Classifier
L Sentence is Negative I}l—]_ _ 7N

(4 dding polarity values
<0 _

A

and check for negation
and intensifiers)

Lssign Polarity Values to
each compound word

) ) s Classification
L Sentence is Neutral | 7
)

Output

else

Figure 1: Architecture of Proposed Methodology

3.1.1 Preprocessing

Compound word identification for Urdu text documents involves several key steps. Initially, the data undergoes
a cleaning process to remove punctuation marks, numbers, alphanumeric characters, and characters from
languages other than Urdu. Subsequently, excess spaces are eliminated, and sentences are segmented into words
based on white spaces.

3.1.2 Part of Speech (POS) Tagging

A tagger from the Stanford NLP library is used to assign parts of speech. It can perform numerous accurate natural
language processing techniques on more than 60 languages (Qi et al., 2020). Stanza undergoes training using a
comprehensive set of datasets, comprising the Universal Dependencies treebanks and various multilingual
corpora. This training demonstrates the effectiveness of its neural architecture across different languages,
consistently delivering competitive performance. Moreover, Stanza integrates a native Python interface for
seamless interaction with the popular Java-based Stanford CoreNLP software.

3.1.3 Morphological rules for compound word identification

The morphological rules used to identify compound words for tokenization are discussed in Table 2. Examples
of compound word identification from sentences are explained in the Appendix.

Table 2: Construction and examples of compound words using morphological rules.

Compound Type Construction Example
i
Noun (N) N+ADJ (sweet water)
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N el
N+N (Ram Chandar)
oS dyy
N +Prep+N (train engine)
N + vowels + N a5 e
(vowels="_," " 5" (earth and sky)
Number + N (forty soldiers)
LS Oy
Verb (V) Verb + Verb (t0 belimne)
ADJ + N Lla J)A

(clever man),

=R e 582 i (Heat

ADJ +Prep + N in the hot sun)

. B350 )
Adjective (ADJ) ADJ + Verb (run fast)
WM 3
ADJ + ADJ o
(rose water)
o il
Adverb + consonant adverb (hearth)
. .. .. <l Y
Preposition Preposition + postposition (fantastic)
i i [EE
Mohmil Compounds Meaningful word + meaningless E) _LeS
word (eating)
L Ll
Hybrid Compounds First Urdu and second English word 5t S

(grocery store)

Word + word with missing first

character =%~ (sometome)

Partial Reduplication

Reduplication pb a8
Compounds Word + Word (step by step)

3.2 Sentiment Analyzer

The algorithm for Urdu sentiment analyzer is implemented in five steps: firstly, compound words are identified
by morphological rules. In the second step, only positive and negative compound words are considered. The
Polarity of each compound word is assigned, equating with a sentiment lexicon. Polarities are assigned as:
Positive=1, Negative=-1, Neutral=0. Once individual polarities are calculated, the overall Polarity of the sentence
is determined by weighing negative or positive indications. For instance, if a particular sentence has two positive
compound words/ words and one negative one, overall Polarity would be calculated as + 1(+2-1), declaring it a
positive sentence. The output shows whether the sentence has a positive, negative, or neutral sentiment. After
that, negation is handled along with positive and negative compound words. A positive sentence will have
negative Polarity, and a negative sentence will have positive Polarity if a negation exists. Consider the following
sentence:

-0 Vo B S B (A S el S AU (e (LS
If an intensifier exists before/after a positive word, its Polarity will be + 2. Similarly, if an intensifier exists
before/after a negative word, its Polarity separately will be — 2. For example:
L8 g ALl e sl e CDISia S LR 000 o en s I Jlaa (e o) B S

At each phase, sentences are passed as input by the Urdu sentiment analyzer. Compound words are searched from
positive and negative files, and Polarity is assigned to each compound word. Sentiment Analysis using compound
words is described in algorithm 1. Compound words are obtained by combining two or more words using
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morphological rules. Considering each compound word w that appears in sentence S, Compound Words (CW)
are used to identify compound words (Steps 1-4). After that, calculate the score of sentiment analysis (score) by
calculating the Polarity for each compound word (CW) € Polarity P (Step 6-13). If Score score<0 then Sentiment
Sen will Negative. If Score score>0 then Sentiment Sen will be Positive otherwise Sentiment Sen will be Neutral
(Step 14-19.

ALGORITHM-1: Sentiment Analysis using Compound words (C.W).

Sentiment Analysis using Compound Words (C.W) (S, Sen, CW, P)
1 forn=1toN

2 do score[n] =0

3 for each (w) € S

4 doW,=CW(w)

5 foreach W, € S
6 do if W,=Positive
7 then score+=1

8 do if W=negation or W=conjunction
9 then score-=1

10 do if Wy,=Negative

11 then score-=1

12 do if W=negation or W=conjunction
13  then score+=1

14 If (score<0)

15 Sen=Negative

16  If (score>0)

17 Sen=Positive

18  If (score==0)

19 Sen=Neutral

20 Return Sen

4. RESULTS

41 Dataset

The use of compound words for sentiment analysis of Urdu text was evaluated on the state-of-the-art dataset. This
dataset includes 3332 Negative, 960 Neutral, and 2764 Positive sentences. In this set of experiments, the Urdu
sentiment lexicon was employed to define the polarity of Urdu text. In the Experiment, about five thousand
sentences were classified using the proposed compound word-based sentiment analysis. Figure 2 describes the
statistics of the dataset used for compound word evaluation. We calculate the results of sentiment analysis for
Urdu text by using compound words in three different ways: 1) using only compound word lexicon for sentiment
analysis and 2) using intensifiers with compound words. 3) use of negations with compound words. These
compound words are then used to equate with Urdu lexicon to determine the polarity of the sentence.
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Figure 2: Description of Dataset used for evaluation of
Compound-words based sentiment analysis of Urdu text.

4.2 Evaluation Measure

The metrics used for the evaluation predictions made by our models are accuracy, F1-score, precision, recall,
and accuracy.

Precision: It is used to measure the correctness of the classification results and can be calculated as

Precision = —— (1
TP+FP
Recall: It measures the completeness of the classification results. It is calculated by the equation below:
Precision = —— @
TP+FN

F-measure: It is the harmonic mean of precision and recall and can be calculated as:

Precision*Recall
F1Score =2 x ——— 3)

Precision+Recall
Accuracy: Accuracy is how close or far a given set of measurements to their true values.

TP+TN
(4)

Accuracy = 2 ¥ —————
TP+TN+FP+FN

The measure TP, FP, TN, FN for binary classification (i.e., positive, or negative) can be defined as:

. True Positive (TP): For a class Positive, TP is the number of sentences that belong to Positive/Negative
category and are also correctly predicted as Positive /Negative by classifier.

. True Negative (TN): TN is the number of sentences that do not belong to Positive/Negative category
and are also not predicted by a classifier.

. False Positive (FP): FP denotes the number of sentences whose actual labels do not belong to class
Positive but are predicted as Positive by a classifier, and vice versa.

. False Negative (FN): FN denotes the number of sentences whose actual labels belong to class Positive

but are predicted as Negative by a classifier, and vice versa.

43 Results

In this set of experiments, the use of compound words for Urdu text sentiment analysis is described. The results
are shown in table 3-6. We have calculated values of respective techniques for all four-evaluation metrics for
sentiment analysis using compound words.

Table 3 illustrates the accuracy of compound words, unigrams, and bigrams across various implementation rules.
Initially, we utilize solely unigrams, bigrams, and compound words as the vocabulary for sentiment analysis. The
accuracy for unigram, bigram, and compound words is 0.54, 0.59, and 0.73, respectively. In the second phase, we
employ negation with the lexicons above. The accuracy for unigrams, bigrams, and compound words is 0.58, 0.6,
and 0.77, respectively. Finally, we employ intensifiers and negation with lexicons. The accuracy of the intensifier
and negation with the lexicon is 0.60, 0.63, and 0.81, respectively. The accuracy of each model (unigram, bigram,
and compound word) has greatly improved. However, the performance of compound words surpassed that of
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unigrams and bigrams. Accuracy alone is an inadequate metric for assessing the efficiency and efficacy of any
methodology. Consequently, we employ the remaining three conventional evaluation metrics: precision, recall,
and F-measure.

Table 3:Accuracy of Sentiment Analysis using Unigram, Bigram and Compound word

Phases Specification Aocuracy
Unigram | Bigram Compound Word
| o s e nt g o | oy | ose | o
2. Sentiment Analysis by using Negation with lexicon 0.58 0.61 0.77
3 Seqtiment Analysis by using Negation and Intensifier with 0.60 0.63 0.81
lexicon
Table 4: Result of sentiment analysis using only unigram, bigrams, and compound words as lexicon
Unigram Bigram Compound Word
Precision | Recall F1- Precision | Recall F1- Precision | Recall F1-
Score Score Score
Positive 0.49 0.78 0.60 0.51 0.79 0.63 0.62 0.80 0.74
Negative 0.78 0.47 0.59 0.83 0.53 0.65 0.84 0.73 0.79
Neutral 0.29 0.34 0.31 0.33 0.34 0.34 0.62 0.62 0.62
Overall 0.61 0.54 0.54 0.65 0.59 0.59 0.74 0.71 0.71
Table 5: Result of sentiment analysis by using Negation with lexicon
Unigram Bigram Compound Word
Precision | Recall F1- Precision | Recall F1- Precision | Recall Fi-
Score Score Score
Positive 0.51 0.74 0.60 0.54 0.76 0.63 071 0.81 0.76
Negative 0.75 0.58 0.65 0.77 0.64 0.70 0.87 0.83 0.83
Neutral 0.30 0.28 0.29 0.33 0.26 0.29 0.70 0.62 0.67
Overall 0.60 0.53 0.52 0.63 0.61 0.61 0.75 0.72 0.73
Table 6: Result of sentiment analysis by using Negation and Intensifier with lexicon
Unigram Bigram Compound Word
Precision | Recall F1- Precision | Recall F1- Precision | Recall F1-
Score Score Score
Positive 0.51 0.74 0.60 0.53 0.76 0.63 0.72 0.83 0.79
Negative 0.74 0.57 0.65 0.77 0.64 0.70 0.89 0.85 0.87
Neutral 0.31 0.28 0.29 0.33 0.26 0.29 0.73 0.65 0.71
Overall 0.62 0.57 0.58 0.63 0.61 0.61 0.77 0.81 0.79
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Table 4-6 examines the performance of unigrams, bigrams, and compound words regarding precision, recall, and
Fl-score. These tables present the calculated values of evaluation metrics for Positive, Negative, and Neutral
statements and overall performance. Table 4 presents results based solely on unigram, bigram, and compound as
the lexicon. Table 5 examined the results of negation using the lexicons above. Table 6 employs intensifiers
alongside negations for the sentiment analysis of unigrams, bigrams, and compound words. The highlighted
numbers indicate performance improvement relative to others. The tables suggest that compound words surpassed
unigrams and bigrams in sentiment analysis for precision, recall, and F1-score.

4.4 Analysis

The results presented in the previous section, which are of significant importance to the field of Urdu text
sentiment analysis, demonstrate that the use of a Compound-Word-based Dictionary delivers better performance.
The analysis performed in this subsection further elucidates how using a Compound-Word-based Dictionary with
morphological rules plays a significant role in increasing the performance of Urdu text sentiment analysis,
reinforcing the value of this research to our audience of researchers and practitioners.

To analyze the performance of the Compound-word-based Lexicon analyzer, a few examples from the testing
data that are passed as input to the Urdu Compound-word-based Lexicon analyzer, along with their actual
polarities, classified by using Compound word (C.W) and classified using Bigram classifications as negative,
positive, or neutral sentences are shown in Table 7.

Table 7: Example of Sentences Classified by using Compound Word (C. W) based Lexicon of Urdu text

Polarity | Polarity | Ground

with with truth Sentences
C.W Bigram | Polarity
N P N by S e g oS sl il U g | S (e 0 sl (Sl el (alls S Gl oSS
15 L g2 1S (30 (S sieS i e il | 8IS el
2 N 2 LSt S e i sl 1S siman ) 5 s
N Neu N Soalse Saxlha Syl gilu S S gm0 and S (S O8Ol gieny
'U":‘CT”AJJ
N P N cow S e aali A by Al b Sgen 3 S (e 5T S saie (o b (oagd Aldlas
P Neu P S8 A 0l 8 e 8 s dlen Adali ¢ o (BA ¢ (0 (g lima (2
fom
/_—‘U}‘H;‘U"j):'("‘b )LLALL\L:\)S';\j&\d\;ﬁ\ﬁ\éwgﬁdém}#wﬁu\jJ
P P P . Cu e
GRS G ) (S (D) e G
Neu P o8 S S U 5 s N ) e 5ok
N P N -l (Mg s e O Do S Blas y s g 04
P Neu P Gl S S AT i ST (e i 5l (S e (S eS Bga Usen 1S 68 ol
ol e S S
N p N Slia Jlual S dpiah paiebCue eandin SOl 5 el SlaS SR

¢ 2 alelaa 1S 13 a1 2 S S8 gl S (5 L L G

Table 7 shows ten examples of Urdu text classified by our proposed compound word sentiment analyzer. In
example 1 of Table 7, “cljsad il L Pelallasl (L8l ul85” are compound words which are made up of by
using morphological rule. See example 2, this sentence is morphologically positive, but if we use bigram or
trigram, wehe classifier will classify thc sentence as negative. In this sentence, two compound words change the
morphology of the sentence; these compounds words are: ) slx \S  sisas” and “of 22 1. in this example alone,
“usiwad” is negative but when it is combined with another noun sl using Noun-lzafat-Noun compound then
this compound word considers as positive sentiment. So, this compound changes the behavior of the whole
sentence. Moreover, in example 7 of Table 7 alone, “25” and “_i” have no meaning, but when these words are
combined by using an Inflectional compound (ke S 1), this compound word gives us the meaningful result.
As in example 8 of Table 7, = and “~<\4" have neutral words, but when these words are combined using
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(Sl £ 1), now this shows compound word “Sles y = s,

In this sentence two compound words change morphology of the sentence; these compounds words are: “ g siwas
15l 1€ and “f 230 7. in this example alone “Usiwas is negative but when it is combined with another noun
“I sl using Noun-Izafat-Noun compound then this compound word considers as positive sentiment. So, this
compound changes the behavior of whole sentence. Moreover, in example 7 of Table 7 alone “2s” and “_i%” have
no meaning.

5. CONCLUSION

Urdu presents a unique challenge for word tokenization due to its morphological complexity. Words in Urdu text
documents can manifest in two primary forms: 1) as combined words and 2) as compound words. While spaces
typically separate combined words in Urdu, identifying word boundaries for separate independent words solely
based on spaces proves inadequate. In such cases, compound words are employed to delineate word boundaries
effectively. Traditional tokenization methods in Urdu, such as the bigram or trigram approaches, often encounter
issues where compound words identified may lack meaningfulness. Moreover, these approaches may yield a
surplus of features compared to the actual word boundaries identified through space usage.

This study introduces a morphological rules-based strategy to identify compound words in Urdu to meet these
challenges, mainly focusing on word tokenization. The study aims to accomplish two primary objectives: firstly,
to evaluate the effectiveness of the morphological rule-based method in identifying compound words, and
secondly, to assess compound words using lexicon-based sentiment analysis. Additionally, we consider negation
and intensifiers present with compound words to classify statements as positive, negative, or neutral. We conduct
a comprehensive evaluation on a suitably sized dataset to compare the effectiveness of the proposed method
against traditional techniques. Results demonstrate that these combined words (bigrams and trigrams) performed
the worst for sentiment analysis. The observation shows that the proposed approach to sentiment analysis is
remarkably accurate. Using rule-based morphological techniques for compound word identification reduces the
number of extracted features, which may result in a more efficient and precise sentiment classification.

This study opens many new directions for future work. Firstly, morphological rule-based compound words can
be used for Lexicon-based Urdu Sentiment analysis. Secondly, Compound words can also be used for Name
Entity Recognition (NER) and text summarization. Third, Deep Learning algorithms can also improve sentiment
classification accuracy using compound words. Fourth, these compound words can identify aspect terms in
aspect-based sentiment analysis.
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