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The performance of sentiment analysis is affected by different properties like dataset size or training
corpus size, feature extraction, length of target documents, preprocessing constraints, length of the
review/word count, readability, purity of data, subjectivity of data, etc. Efforts need to be taken to not only
increase the performance of the algorithms but also to investigate the impact of some of the linguistic
properties of the dataset on the performance. One such data property is word count. The lexicon model
was experimented for effect of word count and was tested on both the single and multi-domain datasets to
find the effect of word count on accuracy and other parameters by splitting into four categories, where
each category or group had a different word count. The experimentation results indicated that the
accuracy was significantly high for sentences that had shorter words. After a particular threshold, the
accuracy starts decreasing as the number of words in the sentence goes on increasing. The statistical
significance of the impact of word count on the classification accuracy clearly indicates that the impact of
the review words count on the classification accuracy is statistically significant at a 99% confidence level.
Less than 80 words is an ideal level for the review words count.

Categories: Algorithm Analysis, Computational Linguistics , Natural Language Processing (NLP)
Keywords: natural language processing, textual analysis, sentiment analysis, lexicon method, wordcount, artificial
intelligence, message length, accuracy, sentiment classification, precision

Introduction

The progression of the Internet has given rise to blogs, forums, and social networking platforms that
produce a large amount of user information on a regular basis [1]. Mining this user-generated data to
discover users’ likings, interests, opinions, and sentiments has become a fascinating area for researchers.
However, extracting relevant opinions from web-generated information is a challenging task [2,3]. The
process of mining information from different text forms such as blogs, reviews, tweets, etc., and
classifying them into categories like positive, negative, and neutral based on polarity is known as
Sentiment Analysis (SA) [4]. SA is an emerging research area within natural language processing that
focuses on analyzing and classifying feelings and emotions expressed in text. It is sometimes called
emotion mining and incorporates techniques from text analytics and computational linguistics to extract
polarity and subjective information (Source: Wikipedia). Sentiments mainly relate to emotions about
something that reflect what a person feels. The introduction of Unicode standards in recent years has
enabled the development of webpages in Indian languages, especially Hindi. Hindi ranks as the fourth
most spoken language in the world [5,6], and the number of users and contributors on social media in
Hindi is rapidly increasing. There is a need to effectively mine and analyze this Hindi data, which would be
especially beneficial to government organizations and product-based companies. The performance of SA
depends on various factors such as dataset size, training corpus size, feature extraction, length of target
documents, preprocessing constraints, review length or word count, readability, data purity, subjectivity,
and more [7]. Efforts are needed not only to improve algorithm performance but also to investigate the
impact of linguistic properties of datasets on results, with word count being one such important property
[7,8]. Most existing research focuses on comparing the accuracy of different algorithms but does not
consider the role of various data properties and settings, which may result in alterations in the accuracy.
The results and the performances may differ depending on the nature of the data used and the way
experimentation was done. SA has been a targeted research area for the past decade, with substantial work
done on English and increasing focus on regional languages [9]. Various approaches have been applied to
analyze sentiments in Hindi, with the lexicon-based method being one of them. This method uses a
sentiment lexicon containing words with assigned polarity scores, indicating whether a word is positive or
negative. All the scores of the words that contribute to the sentence are taken and investigated, and the
combined score is calculated by summing the scores that then will reveal the polarity of the sentence [10-
12]. Figure I shows a typical flowchart for the lexicon-based technique. As shown, preprocessing is done
on the extracted Hindi sentences, which are performed to achieve dimensionality reduction. Data
preprocessing is the first crucial step that deals with preparing the raw data and making it appropriate for
the model for which it is being used [13].
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The various steps involved in data preprocessing are as follows: 1. Tokenization, 2. Stop words removal, 3.

Stemming, and 4. Lemmatization. Tokenization deals with splitting the sentence into individual words.
Stop words are the most common words used in the language that have no significance as such in the
analysis and can be removed [14]. Hence, stop-word removal is a part of preprocessing. Stemming is

generally a heuristic method of converting a particular word to its base form. Lemmatization is similar to

stemming, but it reduces the word to a specific one that exists in the language. Part of Speech (POS)

tagging is also done many times as the next step in preprocessing, which gives each word its
corresponding POS, such as adjective, adverb, verb, noun, etc. POS tagging can be very useful when used
as a feature extraction method. Therefore, this process is generally used as a part of preprocessing. After

preprocessing is performed, the next step is creating a bag of words model, which is nothing but a

collection of unigrams. These unigrams, or words in a sentence, are then compared against the sentiment
lexicon or dictionary, which returns the respective scores [6]. It has been seen that the length of words in

reviews varies widely depending on the domain. Nowadays, well-known review websites or social

networking platforms enforce their users to write comments or reviews by providing them with a defined
length [15]. Twitter is a well-known online micro-blogging and social networking platform that allows its
users to write a message of maximum length 280 characters. However, the exact nature of the relationship

between the length of textual data and classifier performance has been unclear [16]. Hence, the main
objective is to analyze the effect of the length of words of a review/sentence on the accuracy of SA.

Related work

Pak and Paroubek [17] noted that sentiment classification performance dropped on Twitter data when
message lengths were beyond average tweet sizes. According to Go et al. [18], short texts often lack

context, making it harder to predict polarity and reducing performance in rule-based systems. Maddu and
Sanapala [19] found that longer messages provided lower accuracy for Telugu due to the cumulative effect

of morphological and orthographic noise. According to Joshi et al. [20], brief messages in local scripts

often bear the burn of code switching, grammatical non-standardization and transliteration issues, which
complicates sentiment extraction in low-resource language environments. Li et al. [21] explored how the

textual quality of online criticisms affected the classification performance of the analysis of in-depth
learning feelings. The analysis of feelings, particularly in the context of Hindi language texts, drew
significant attention due to the growing volume of digital content produced in vernacular languages.
Previous studies have emphasized the criticality of accurately determining the feeling in revisions, not
only to improve the user experience, but also to inform marketing strategies adapted to the regional

public. A pertinent aspect that arose from the recent discourse is the impact of the length of the message

on the accuracy of feeling, as highlighted in the work of Kulkarni and Rodd [10]. Akhtar et al. [22]

demonstrated that the use of a bidirectional long-term memory model significantly surpassed traditional

classifiers by processing short and long reviews establishing that moderately sized review messages

provided the most accurate sentiment prediction.

Materials And Methods

A simple lexicon algorithm makes use of the Hindi SentiWordNet (HSWN) as the lookup dictionary, and

then calculates the polarity of the sentence. HSWN is a well-known lexicon dictionary that was developed
by IIT Bombay [23]. The dictionary was built taking into consideration two different resources, the English

SentiWordNet and the English Hindi WordNet Linking. The lexicon contains different Hindi words with

their positive and negative scores. The words may be of different POS such as adjective, verb, adverb, or a

noun. Along with the POS_TAG, positive and negative score, a synset id is also included for the words in
the HSWN [24,25]. The steps and the approaches used in the investigation are as shown in Figure 2.
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FIGURE 2: Steps and approaches used for investigation of impact of

word count

In order to investigate the sensitivity or the impact of word count on the sentiment classification
accuracy, the sentences in the dataset are preprocessed and then are split into several categories, and each
category or group has a different word count. The four groups of word count that are formed for the
investigation are sentences having word count 1-50, sentences having word count 51-80, sentences having
word count 81-120, and sentences having word count >120 The next step is to perform the sentiment
classification using the lexicon model and then evaluate the results considering the main parameter
accuracy as well as other parameters such as recall, precision, and F-score. To verify whether the
investigation being done is statistically significant, a statistical analysis is done using the multiple
regression model. The lexicon model is tested on both the single and multi-domain datasets to find the
effect of word count on accuracy and other parameters by considering the four word-count categories.

Results

This dataset includes 1,000 manually curated movie reviews, sourced from the Hindi news site Jagran.com
and an existing Hindi movie review corpus from IIT Bombay. The dataset is balanced, containing 500

positive and 500 negative reviews. To assess the generalizability of the findings, we extended the analysis
to a multi-domain dataset containing 4,000 reviews, which included movie reviews, product reviews from

IIT Patna, and tourism-related reviews from IIT Bombay.

The goal was to explore how message length influences sentiment classification across domains. The data
was split into training (70%), validation (15%), and testing (15%) sets using stratified sampling to preserve

sentiment distribution across sets.

Implementation was carried out on the single-domain movie review dataset, and the results in terms of
accuracy, precision, recall, and F-score were obtained, as shown in Figure 3. Upon analyzing the results, it
was observed that scores for some words, though present in HSWN, could not be extracted due to
morphological variations. The lexicon algorithm was also tested on a multidomain review dataset, with
the corresponding results shown in Figure 4. The accuracy obtained was around 61%. The simple lexicon
approach provided good results on the product domain dataset, which contributed to the overall better

performance on the multidomain dataset.
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The lexicon model was tested on both single- and multi-domain datasets to evaluate the effect of word
count on accuracy and other parameters by considering four word-count categories. Figure 5 shows the
impact of word count on various parameters for a single-domain dataset of 1,200 sentences. The graph
clearly shows that for the group with 1-50 words, the accuracy is 66.78%. As the number of words increases
in the next word-count groups, accuracy slightly decreases. For sentences with more than 120 words,
accuracy decreases by almost 4%, indicating that as the number of words increases, accuracy tends to
decline. This may occur because reviews with fewer words tend to be more specific about the sentiment.
As word count increases, noise can affect the analysis, leading to a significant decrease in accuracy. The
effect of word count was also examined for other parameters. Figure 5 shows the impact on recall,
precision, and F-score. The effect on recall is same as accuracy - recall decreases as word count increases.
There is a slight increase in precision with higher word counts; however, since recall decreases
significantly, the F-score also declines substantially. There was a significant decrease in F-score as the
word count increased.
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FIGURE 5: Effect of word count on accuracy, recall, precision, and F-
score of lexicon model for single domain dataset

The effect of word count on various parameters of the lexicon model was also tested using a multidomain
dataset containing 4,000 sentences across various word-count groups, as shown in Figure 6. A drop in
accuracy by 4% was observed for the word-count group of 81-120. For sentences with more than 120
words, the accuracy was almost 10% lower compared to the first word-count group of 1-50 words. The
impact of word count was also examined for three other parameters: precision, recall, and F-score, and the
results have been shown. As the word count increased, recall decreased. There was no significant effect on
precision as word count increased. However, due to the decrease in recall, an impact was also observed on
the F-score.

A qualitative error analysis was conducted focusing on longer reviews where the model underperformed.
Mixed sentiments within a single review often led to misclassification, as the lexicon-based model
struggled to resolve polarity conflicts. Word sense ambiguity and negation constructs in longer texts
posed additional challenges. Some errors were attributed to limitations in HSWN, where domain-specific
or colloquial terms were not covered. A hybrid approach combining lexicon-based and machine learning
methods could be explored and tested for handling longer reviews.
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FIGURE 6: Effect of word count on accuracy, recall, precision, and F-
score of lexicon model for multi-domain dataset

Discussion

Statistical significance, as the term implies, refers to the claim that an outcome observed from
experimental data is unlikely to have occurred by chance and is instead likely due to a specific cause [26].
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To verify the statistical significance of the impact of word count on classification accuracy, a multiple
regression model was built.

In regression analysis, the null hypothesis typically assumes that each independent variable has no effect
on the dependent variable [27]. The coefficient of each predictor quantifies both the magnitude and
direction of its effect. A positive coefficient indicates that an increase in the predictor is associated with
an increase in the dependent variable, whereas a negative coefficient implies a decrease. When multiple

predictors are used, each coefficient estimates the effect of that variable while holding all others constant.

The size of the coefficient for every independent variable gives the size of the effect that it is having on
the dependent variable, and the sign on the coefficient whether it is positive or negative gives the
direction of the effect. Hence, in regression with multiple independent variables, the coefficient tells you
how much the dependent variable is expected to increase when that independent variable increases by 1,
holding all the other independent variables constant [28]. Regression coefficients serve as a powerful tool
for understanding relationships between variables. The null hypothesis framework helps establish
whether these relationships are statistically significant, while the concept of "holding other variables
constant” ensures the interpretation of each predictor is meaningful and not confounded by other factors
in the model. This is especially valuable in multi-factor studies like ours, where multiple linguistic and
structural variables influence sentiment classification accuracy.

The regression model is described as

Accuracy; = Qp + Q1 Word_count; + Qy LexModel; + Qz Data_size;

where

Accuracy is the dependent variable denoting the accuracy of the sentiment classification.

Word_count; is a binary variable indicating whether the review is short or long.

LexModel; controls for the lexicon-based sentiment analysis model used.

Data_size; accounts for dataset size (assigned 1 when dataset size is 4,000).

Qp to Qs are the regression coefficients estimated during model fitting.

For the independent variables, a variable Word_count is introduced that denotes the level of the words
count. Considering the experimentation, the short-review level is defined as having a threshold count of
80 words in each review and the long-review level having beyond 80 words. With reference to the short
review level, the relative impact of the word count on the accuracy is examined. LexModel is used to
control the effect of lexicon-based model. Similarly, Data_size is used to control the effect of the dataset
size and are taken as 1 when the dataset size is 4,000. The regression analysis is made by using Stata
software.

Table I shows the results of the statistical significance. From the results, it is clear that the P value for the
estimate of Word_count is less than 0.0001, which implies that the impact of the word count on the
sentiment classification accuracy is statistically significant at a 99% confidence level. Also, the estimate
for Word_count is negative, which means that a higher word count could lower the accuracy of sentiment
classification. This highlights the importance of expressing sentiments clearly using a limited number of
words. Longer reviews tend to introduce noise, which negatively impacts accuracy. For Hindi sentiment
analysis using lexicon-based methods, keeping the word count under 80 is ideal, as it provides sufficient
information to express the reviewer’s sentiment with minimal noise. The results clearly indicate that the
impact of review word count on classification accuracy is statistically significant at the 99% confidence
level. Thus, less than 80 words is the recommended word count for reviews.
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Parameter

W-count

LexModel

Dsize

Estimate Standard Error T-statistic P

-2.46 0.319 -8.44 <0.0001
12.67 0.825 15.35 <0.0001
3.44 0.45 7.52 <0.0001

TABLE 1: Results of the statistical significance

Conclusions

This paper explores the impact of word count - a key linguistic property - within the context of low-
resource languages like Hindi by investigating the lexicon-based sentiment classification approach to
both single-domain and multi-domain Hindi datasets. Reviews were categorized into four distinct word-
count groups to examine their effect on classification accuracy. Preliminary findings suggest that shorter
reviews specifically those with fewer than 80 words tended to yield relatively higher accuracy within the
lexicon-based framework. Beyond this threshold, accuracy appeared to decline, potentially due to
increased textual noise in longer reviews. A multiple regression analysis further confirmed that the
observed relationship between word count and classification accuracy is statistically significant at the 99%
confidence level. Less than 80 words is considered to be an appropriate level for the review words count.

The results provide an indication that message length can influence sentiment classification performance
in lexicon-based systems. Future research will aim to benchmark lexicon-based methods against machine
learning and deep learning models to better understand how word count affects classification across
architectures. Expanding the analysis to larger and more varied datasets, and exploring hybrid approaches,
could further improve the robustness and applicability of findings. Additionally, future efforts may
consider developing models that incorporate message length-aware objectives, utilize context-sensitive
truncation strategies, and adopt adaptive tokenization schemes that adjust input length dynamically.
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