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Abstract: Classifying text in low resource languages poses significant difficulties because of the sparsity of annotated data sets
and morphological complexity of low resource languages. This paper fixes this deficiency by establishing a strong machine learning
system to perform multi-classification of Kashmiri text. The main objective of this study is the evaluation of the conventional
methods called as machine learning techniques on the large scale, self-curated Kashmiri corpus consisting of about 27,000
sentences in nine semantic categories. The data is systematically preprocessed to normalize and tokenize it, remove noise and then
using the feature extraction approach that quantifies term importance using frequency within documents and inverse corpus-level
distribution called as (TF-IDF) having the vocabulary size 5000. This approach includes the implementation and optimization of
five supervised learning algorithms, such as linear classification models, Bayesian probabilistic classifiers, distance-based instance
learning technique, maximum-margin classifiers and ensemble learning approaches based on decision trees with the help of
GridSearchCV and RandomisedSearchCV with k-fold cross-validation. Fl-score, precision, Accuracy, recall and Receiver
Operating Characteristic-Area Under Curve (ROC-AUC) are used to assess the models and are backed-up with analysis of the
confusion matrix. The findings show that SVM has the best classification accuracy of 93%, which shows that its performance is
outstanding in comparison to other models. Results demonstrate the usefulness of optimization of the features representation and
model-tuning in low-resource context and offer a predictable baseline to the future evolution of natural language processing
investigations in the Kashmiri language.
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1. INTRODUCTION

Natural Language Processing (NLP) has become a core research field of artificial intelligence, and it allows
machines to read and comprehend human language, as well as produce it [1]. As digital communication sites continue
to expand, a large amount of textual information created systematically on regular basis as news stories, social media
platforms, emails, as well as Internet documents [2]. Automatic organization and interpretation of this information
have been particularly significant in the applications of sentiment analysis, information retrieval, filtering of spams,
detection of topic and classification of document. Text classification is one of such tasks which is crucial in attaching
labels or categories to textual data which have been previously established and thus make the management of the data
and the discovery of knowledge to be efficient [3]. In the last 10 years, it has progressed to great heights in text
classification of high-resource languages like English, Chinese as well as Spanish. Conventional supervised learning
paradigms like Bayesian probabilistic classifiers, maximum-margin classifier, and logistic link function have proven
to be very effective when applied in conjunction by using the feature extraction approach that quantifies term
importance using frequency within documents and inverse corpus-level distribution called as (TF-IDF) as a statistical
method [4].
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Recently, artificial neural network designs and models called as transformer-based have also enhanced the
accuracy in classifications. But such developments are highly focused on the language where there are numerous
annotated datasets and computationally developed resources [5]. Conversely, most of the regional and indigenous
languages are underrepresented in NLP studies because of lack of labelled corpora, low number of online materials
and absence of standard linguistic tools. These languages are generally termed as the low-resource languages.
Linguistic groups with resources and those without have a growing digital gap since no benchmark datasets or baseline
models exist to create a robust language technology [6]. One of these low-resource languages is the Kashmiri language
that is used by millions of individuals in the valley of Kashmir. Computational research in Kashmiri is, however,
immature, in spite of its cultural and linguistic importance. The language has distinctive morphological patterns,
sophisticated syntax, and various scripts, which makes it even difficult to process the text automatically [7]. Moreover,
this is complicated because annotated datasets are not publicly available to support the development and testing of
classification systems.

Consequently, the standardization of datasets and the development of baseline procedures of Kashmiri NLP
work is in urgent need. Machine learning solutions provide a viable and feasible solution to low-resource cases. In
comparison with deep neural models, the classical machine learning methods use smaller databases, less
computational resources, and less complex training process yet offer competitive results [8]. SVM and Naive Bayes
are among the best methods to use when dealing with high dimensional sparse text representations that are produced
by TF-IDF features. Thus, such models are good beginning points to constructional systems of the new languages.

Inspired by these observations, this paper aims at creating a labelled Kashmiri text classification dataset and
performing a systematic comparison of popular machine learning classifier. This is aimed at creating good baseline
results and proving that automated topic classification of Kashmiri text in a possible way [9]. Offering the dataset and
experimental analysis, this work will be helpful in future research and motivate the further advancement of language
technologies in the community of Kashmiri.

The principal contribution of this study is summarized below:
e Construction of an annotated Kashmiri sentence-level corpus of nine domain categories.
e The overall evaluation of five classical machine learning classifiers is compared.
e It provides a baseline of future low-resource NLP research.

The remainder of the paper is modeled into a couple of coherent chunks, and it will begin with a related works
to be able to ascertain the state of things of the research and the gaps that were left behind by the literature. It will be
then detailed by how the dataset has been prepared and constructed, how the data collection and preprocessing has
been carried out. The layout of the proposed computational framework will then be presented with the focus being on
the aspects of architectural design and implementation that will be proposed. Fig 1. Shows the NLP in some high and
low-resource languages.
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Fig 1. NLP in some High and Low Resource Languages.
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Fig 2. Various ML models used in some high and low resource languages.
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2. RELATED WORKS

Text classification work has been widely tackled using the traditional techniques of machine learning by
transforming textual data into quantitative feature illustration of the text, which includes feature weighting approach
that quantifies term importance using document-level frequency and inverse corpus-level rarity called as (TF-IDF)
and a frequency-based vector representation that model’s text as an unordered collection of lexical items called as
(BoW) [10]. Some of the commonly used algorithms are margin-optimized classifier, logistic -based classification,
instance-driven methods and ensemble tree models were used because of being computationally efficient, simple and
applicable to dimensionally high sparse text data. SVM is one of these approaches that have performed best due to its
good generalization property and the capability to build optimum separating hyperplanes [11]. A number of researches
have also tested classical supervised learning methods in classification of documents in other languages. According
to Luo (2021), SVM, Naive Bayes, and the linear models were compared in terms of English text classification and
the SVM resulted in the highest accuracy [12]. Saigal and Khanna (2020) used KNN, SVM, and ARAM classifiers to
categorize Chinese news as well, and once again they found that SVM was worse than competing methods [13]. Other
experiments in Persian and Arabic text classification problems have also yielded identical results as the features of
TF-IDF used with SVM or Naive Bayes to give good results at a very low cost. In Indian and regional languages,
classical machine learning techniques still assume a major role. In the case of Urdu and Roman-Urdu texts, Decision
Trees, KNN and Naive Bayes as classifiers have been effectively valued in sentiment and topic classification [14].
Naive Bayes and hybrid feature-based methods have been used to categorize Punjabi documents, Tamil and Kannada
texts have been categorized by using the vector space models, TF-IDF weighting, and supervised learning methods
such as SVM and Decision Trees. Research in languages such as Marathi, Gujarati, Assamese, Nepali, Bangla, Hindi
and Telugu, has also shown that classical ML methods give consistent and competitive results at moderately large
datasets and with limited computational capabilities [15].

Despite these attempts, the research on Kashmiri is very scarce in relation with applicability of methods known
as machine learning to some of the regional languages [16]. The existing literature has been more software and
language resource preparation with little attention given to the preparation of labelled corpora or testing automated
classification systems [17]. Based on the review of the literature conducted, no systematic research has compared
multiple machine learning classifiers on Kashmiri text categorization with standardized evaluation metrics [18].
Accordingly, there is a definite gap in research in creating benchmark data and base classification models to Kashmiri.
Present work attempts to advance the field by creating a manually annotated Kashmiri corpus and conducting a
thorough analysis of comparatively and commonly used classifiers of machine learning to lay the groundwork of
future research on Kashmiri Natural Language Processing [19].

Table 1: Techniques and Dataset used for the classification of text in different languages.

Authors Year Dataset Techniques Used Key Findings

C-LSTM-ATC model
achieved the best results

CNN, LSTM, Hybrid

Talukdar, C., & Sarma, S. (LSTM + SVM), Hybrid

1 0, 0,
K. [20] 2023. Assamese text dataset (CNN + LSTM, i.c., C- with 97.2% agcuracy, 95 %
LSTM-ATC) F1-score, 94% precision,

and 95% recall
88.96% with feature
.. . selection and accuracy of
Naive Bayes (NB) with, o)
Rakholia and Saini [21] 2023 280 documents from without feature selection, 75.74% without feature

different domains. selection; Gujarati text
classification is efficient in

this.

cross-validation of k-fold.

Z.,Naqvi, M Abdel majeed
L. R., M. P., Jiangbin, 2022 Urdu Text Documents
Akhter, M., & Fayyaz [22].

R. K., Rajesh, N. &
Vallapuneni, J., Ande, P.
K., Indurthi & Gampala, V.,

CNN, CLSTM, LSTM CNN performed best than
AND BIiLSTM other models.

Supervised classification
using NB with normalized
TF-IDF was effective for

Telugu news articles Naive Bayes (NB) classifier
2021 (approx. 800 documents with TF-IDF weighting

[23] from 4 categories) scheme Telugu text categorization
Saigal, P., & Khanna, V 2020 Chinese texts KNN, SVM and ARAM SVM outperformed other
[24] models.
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from 9 different domains.

(SGD)

Authors Year Dataset Techniques Used Key Findings
. CNN achieved highest
Elnagar, A., Al-Debsi, R, |, SANAD and NADIA HANGRU and CNN accuracy of 70.34% for
& Einea, O [25]
NADIA
Boeker, M, R., Thpmczyk, . GottBERT (RoBERTa- GottBERT outperformed
F., Jaravine, V., Tippmann, | 2020 145GB plain text corpus based German language ther tested model
P., & Scheible [26], model) other tested modets.
Goel, P., & Joshi, R [27] 2020 Hindi text dataset weighted n-gram methods Utlhzed.for. analysm of text
and Traditional n-gram. of Hindi sentiments.
For sentence classification
Bolaj, Kim et al [28] 2019 English sentences CNN CNN-based architecture
was proposed.
Stop words list, feature .
. 1,71,721 Arab Text . . Developed Arabic Text
Al-Harbi et al. [29] 2021 Documents extraction, weighting Categorization (ATC) tool
schemes
A combination of Ontology | Hybrid method outperforms
Nidhi & Vishal Gupta [30] | 2022 Punjabi Text Documents and Navie Bayes better than Navie Bayes and
techniques. Ontology.
e Achieved 93.33% accuracy
Rajan et al. [31] 2019 Tamil Text Documents. VSM, Artificial Neural using ANN on Tamil Text
Network (ANN).
dataset.
CNN-based models
LSTM, Multi-Input CNN, | OWperformed LSTM and
. Translated datasets for . . SVM; focused on capturing
Tummalapalli et al [32] 2018 . basic CNN SVM using n- ) o
Hindi and Telugu texts morphological variations
gram features. .
using character-level and
word level features.
A combination of Ontology | Hybrid method outperforms
Nidhi & Vishal Gupta [33] | 2016 Punjabi Text Documents and Navie Bayes better than Navie Bayes and
techniques. Ontology.
Using Hu moments with
Khan [34] 2021 OCR of Urdu text dataset Decision Tree with Hu Decision T.rge classifier,
moments best recognition accuracy
was obtained.
Based on user profiles
st onvsMLabl | e
Jaydeep Jalindar and 200 documents from 20 Induction Grouping & R
. .. 2015 . . method demonstrates
Nagaraju Bogiri [35] categories (LINGO) algorithm was .
sed effective performance
b clustering for Marathi
textual documents.
. . Achieved 93.85% accuracy;
Kabir et al [36] 2015 Text documents of Bangla | Stochastic Gradient Descent slightly better performance

than previous works.

3. DATASET DESCRIPTION

In order to perform supervised text classification on the Kashmiri language, an annotated corpus at sentence
level was prepared. A total of 27000 sentences were created using various tools and a sample of 6208 sentences were
experimented as a small test first. The Perso-Arabic script was used in transcribing the sentences and checked by
native speakers and language professionals to be linguistically correct and consistent in semantics [37]. All the
sentences were given different label of the class which is one of the nine categorizations. The last dataset will have
two items; the Kashmiri sentences and the class label. Pre-processing of the corpus involved normalization, deletion
of punctuations, stop-wording removal and tokenizing to clean and standardize the corpus [38]. To perform an
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experimental assessment, self-created dataset was divided into predominant portion (80%) of training data and the rest
was retained for testing purpose (20%), which made it possible to rely on the evaluation of the model generalization.
The summarized corpus is elaborated as given below in fig 3.

Dataset Properties

T
Sentences
Number of o
Classes
Sentences
Training
2180
Split
Testing Split | 20
> Value

Fig 3. Dataset Summary

4. COMPARISON WITH OTHER STUDIES

All the five classifiers are compared in a comparative analysis provided in Fig.4, in which the summaries of
overall accuracies of the rival methods are provided. The model called as Support Vector Machine (SVM) shows of
93 % best classification rate among the models analyzed while Logistic Regression had 92% and Multinomial Naive
Bayes 91% respectively. Random Forest showed relatively lower results of 89% while K-nearest neighbor shows 84-
86%and respectively [39]. The observation from results can be dedicated to the underlying parameters that enhanced
accuracy of Logistic Regression and SVM is validated by the fact that they are capable of building linear decision
boundaries that are capable of separating high-dimensional sparse TF-IDF feature spaces. These are the linearized
models that can be used in the case of text classification where the discriminative word distributions are very separable
by class [40]. On the same note, the competitive performance of Naive Bayes is an indication that, when term
independence assumptions are more or less true, probabilistic methods are still effective. Distance-based and tree-
based algorithms like KNN and Random Forest, in turn, demonstrated rather lower accuracy [41]. This is explained
by the fact that when dealing with text data, distance measures and hierarchical splits are sensitive to sparsity and high
dimensionality, and thus their ability to generalize may be constrained. Altogether the experimental results indicate
that classical machine learning methods are very powerful and computationally efficient baselines to use in the
Kashmiri text classification [42]. The findings confirm that linear and probabilistic models with the use of TF-IDF
representations are especially appropriate in low-resource language cases when there is a limitation in data availability
and computing resources [43]. These have been the baselines that can be used as a baseline in future developments of
Kashmiri Natural Language Processing [44]
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Fig 4. Model comparisons

5. METHODOLOGY

Five supervised algorithms were analyzed in terms of their effectiveness and their discriminative power of
methods used in classical learning of machines in low-resource text classification. These are adequately suited to
sparse TF-IDF feature space and have lower computational costs.

e  Support Vector Machine (SVM): This algorithm builds an optimum plane of separation which augments
class separation in high-dimensional space [45]. It is also well known in its ability to generalize well and has
always performed better when used in categorizing texts.

e Random Forest (RF): This algorithm uses a set of decision trees which are trained separately and these tree-
based estimates then combined to maximize the generalization trained on data subsets based on the random
features [46]. This will minimize overfitting and enhance the stability of classification [47].

e  Multinomial Naive Bayes (NB): A classifier which is probabilistic in nature and makes an assumption of
independence within the set of attributes and Bayes theorem is used in this [48]. From the perspective of the
text classification, naive bayes acts an effective text classifier and has become a popular baseline because it
is compatible with term-frequency features [49]. Equation(a) below explains the Bayesian Probability Rule
[44].

P(x|y) =P(y|z)*P(z) + P(y)(a) (a)

Here:
> P (x | y) represents the probability of a sample to be assigned to a class given the observed features y.

> P (y | z) represents the probabilistic element i.e., it indicates the probability associated with seeing the
features ¢ given that the instance belongs to class z.

> P (z) stands for class z prior probability. It is actually the probability of encountering class z without
considering any additional information from the features.

> P (y) represents the probability of observing the features y. Also known as the marginal likelihood or
evidence [50].
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Logistic Regression (LR): A discriminative model linear in nature called as Logistic Regression is used in
estimating posterior probabilities of each class by the use of a SoftMax [51]. It gives strong and interpretative
answers to multi-class issues.

K-Nearest Neighbors (KNN): This non-parametric and distance-driven method like KNN which assigns
labels, depending on similarity to other samples in the feature space [52]. The number of neighbors was
empirically set to k=5 to strike a balance between bias and variance [53]. These models along with some
basic functionality and features is shown below in fig 5.

Multinomial Naive Bayes

Effective with term-frequency
features and a popular baseline

®

Random Forest
Minimizes overfitting and Logistic Regression
enhances stability through
ensemble learning. Provides strong and interpretable

answers for multi-class issues

SVM

. K-Nearest Neighbors
Maximizes class separation and
generalizes well, suitable for high- Assigns labels based on similarity

dimensional space. to neighbors, set to k=5

Fig 5. ML models in our experimentation

6. EVALUATION METRICS:

Many metrics used for the evaluation by the models for evaluating the performance. Evaluation matrices used

in the experiment are discussed below [54]:

Confusion Matrix: Predicted labels and actual class labels are compared in confusion matrix and also provides
the insights the incorrect classifications as positives and negatives which is used in understanding the
behavior of a model [55].

Normalized Confusion Matrix: The performance of the data percentage wise is calculated by Normalized
confusion matrix [56]. It is actually useful in ensemble learning where it enhances the performance of the
classifier by guiding the code matrices iteratively [57].

Precision: This metric measures the Positive Predictive Values which are actually correct. Mathematically
Precision is written as [58]:

Precision=TP ~FP +TP

Recall: Measures the instances called as True Positive which are correctly predicted. Recall is mathematically
represented as [59]:

Recall=TP -~ NP +TP

F1-Score: This quantifies performance of model in combining Recall with precision through their harmonic
mean. It combines balanced measure of the two [60].

F1-Score = 2 x (Precision x Recall) ~ (Precison + Recall)

Accuracy: Classification results are measured by their exactness. Mathematically, Accuracy is shown as [61]:

Evaluation metrices along with their basic functionality in fig 6 is depicted as below.
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incorrect classifications

Measures the overall
exactness of
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Fig 6. Evaluation Metrices
7. PROPOSED METHODS ON THE KASHMIRI DATASET

This part gives the empirical assessment of five standard supervised learning algorithms using the Kashmiri
suggested text corpus. In all the models, the same pre-processing and feature extraction frames were used so that a
fair comparison can be made. The textual data were first normalized by lowercasing and eliminating punctuations,
stop-words and normalizing whitespaces [62]. Sentences were then changed into numerical feature vectors by using
TF-IDF representation having maximum term of 5,000 terms of vocabulary [63]. Collected Corpus was splitted into
80% of training (21,600 sentences) and 20% of testing (5400 sentences) respectively. To optimize the models using
the cross-validation, hyperparameter optimization was utilized to enhance the model generalization [64].

Support Vector Machine (SVM):

The corpus created is represented as.

D = {(x;, ¥y}, (1)

where x; denotes the TF-IDF feature vector corresponding to the i Kashmiri sentence and yi € {1, 2...,9}
represents its class label. Before training the models, textual data were processed with normalization i.e., lowercasing,
punctuation marks, stop-word filtering and scraping of whitespaces. The numerical representations obtained were the
processed sentences, which were changed to numerical representation using weighting through a feature extraction
approach that quantifies term importance using frequency within documents and inverse corpus-level distribution
called as [TF-IDF] [65]. This conversion therefore transforms every document into large dimensional sparse space.

x; € ]RSOOO' (2)
and the letters 5,000 represent the largest capacity of vocabulary. In order to have an objective and quantitative
assessment, training and testing were carried out by dividing the dataset that sets through an 80:20 hold-out method
which gave the dataset 4,966 training points and 1,242 testing points. Model was trained when applied exclusively in
estimating the parameters whereas the testing of model was applied in assessing the generalization. The classifier
known as Support Vector Machine was used in order to learn an optimum boundary with decision which augments by
separating the classes within the margin. A one-versus-rest approach was used towards multi-class classification.
Mathematically, SVM addresses the following optimization problem which is of convex nature:

min= || d 12+ CXY, ¢ 3)
a,z,c 2
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where weight vector is denoted by a, regularization parameter by C, bias term by z, and the slack variables of
misclassification by ei. GridSearchCV with cross-validation of five-fold was used to find the most effective
hyperparameters of a certain model (like kernel and regularization strength). Separate data of testing and training were
used for analyzing the effectiveness using the labelled data for training and independent set of data for testing. SVM
obtained overall 93% of accuracy and indicates that there is a strong discriminative ability and high level of robustness
in the multidimensional feature spaces of TF-IDF. The classification report is shown below in fig 7.

The normalized confusion matrix and the confusion matrix for SVM model are shown as fig 8 and 9.

H Class M Precision Recall F1-Score
0.96
0.96
0.88
0.95 7
‘N
0.93 2 3
0.94] 1
1 2 3 4 5 6 7 8 9

Fig 7. Classification Report of SVM

The normalized confusion matrix and the confusion matrix for SVM model are shown as fig 8 and 9.

Confusion Matrix
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Fig 8. Confusion Matrix Fig 9. Normalized Confusion Matrix.

Random Forest:

Again, with the same pre-processing pipeline, every sentence in Kashmiri was converted to a numerical feature
vector with the TF-IDF representation. The dataset as written mathematically is shown below:
Z = {(ai,bi)}?il, a; € RSOOO, b e {1,2,...,9}, (5)

where ai shows sparse features of TF-IDF vector, bi shows similarity of the class of labels. In order to assess it
experimentally, training of (21,600samples) and testing (5400 samples) groups based on the 80: 20 hold-out approach.
The entire model parameters were only estimated on the model training and the results were evaluated on the previous
unseen data to help in unbiased generalization. Random Forest was used as a method of learning of ensemble, that
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involves combination of many trees of decisions to elevate predictive performance so that overfitting may be reduced.
Each classifier ht(x) fitted on a bootstrapped training subset obtained through sampling is trained on a randomly
selected bootstrap sample and replaced. Moreover, during the node splitting, set of randomly features is sampled so
that it can bring diversity to the trees. The last prediction is voted by the majority:

2 = mode{a, (b), ay(b), ..., ay(b)}. ()

Such an aggregation approach minimizes variation and is more robust than that of individual decision tree. A
default parameter model was run first. Thereafter, hyperparameters such as the maximum tree depth (d max) number
of trees (n estimators), and cross-validation was done by using GridSearchCV to optimize criterion (Gini impurity or
entropy). The Gini impurity of splitting nodes is the one defined as.

G=1-3%%1pk O]

Where pk represents the fraction of samples to class k within a node. The trained model was made optimal
using the subset of training, tested using testing of model. The illustration of the corresponding classification reports
and confusion matrices is presented in Fig 10, fig 11,12 and 13. Following hyperparameter optimization, classification
model called as the Random Forest attained a total of 89% accuracy which is better than the stability and generalization
of the baseline setup (86%).

H Precision M Recall ®F1-Score

JueS 0.99 0.87 0.93
aolsl 0.92 0.90 0.91
s s
SP=Ethy 09 . 09 091 |
Gasa 0.80 0.86 0.83
Gy
JUENPAIEENE U IR
2 dls 0.93 0.83 0.88
Sl 0.81 0.93 0.87

Fig 10. Classification Report on default parameters.

CLASSIFICATION REPORT OF RANDOM FOREST MODEL

[ JPUCF PG RN L, L LG e Canlies B Chsea W oSl M e se B a0 555 B JaeS
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Fig 11. Classification Report with hyperparameter Tuning
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Multinomial Naive Bayes

The Kashmiri sentences were developed in the form of pre-processed sentences that were encoded into weighted
feature representation through the TF-IDF of numerical values representation. Collected corpus was split into training
of 80% (21,600) and testing of 20% (5400) subsets. The estimation of model parameters was carried on the trained
model, the test was performed on the unseen testing data. Multinomial Naive Bayes classifier was used because it was
appropriate with text representations at the word frequency level. It is a model of probabilistic that is founded on the
theorem of Bayes and features of independence which are conditional. For a document, given x = (x1, x2..., xd), the
value of class ¢ which is probability can be calculated as below:

_P(© N4, P(xjlc)
P(c|x) = ;(736) 3

The predicted label of the class under the independence assumption is derived using the maximum aposteriori

(MAP) estimation as:

9 = arg maxP () T1%, P (xj]c). 9)

Laplace smoothing was used to avoid the problem of zero probability of unseen terms. Conditional estimates
of probabilities were made to be:

njc+a

P(xi[c) = (10)

S nctad

where nj. denotes feature j in class ¢ having the frequency, d is vocabulary size, and 0=0.1 is the smoothing
parameter. The classifier was tested on unknown test cases after training in order to test its predictive performance
and performance of classification is shown in Fig. 14. Competitive Multinomial Naive Bayes model had overall 91%
of accuracy with low computational complexity, as well as quick training time.

The normalized confusion matrix and confusion and is shown below in fig 15 and 16.
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CLASSIFICATION REPORT OF NAVIE BAYES MODEL
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Fig 14. Classification Report of Naive Bayes Model

The normalized confusion matrix and confusion and is shown below in fig 15 and 16.
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Fig 15. Confusion Matrix Fig 16. Normalized Confusion Matrix

Logistic Regression:

Following the feature extraction and pre-processing pipeline, a data set in Kashmiri speaking was converted to
a numerical Kashmiri sentence representing the words. To be able to assess the performance in an unbiased way,
collected corpus of 80% was of training and 20% of testing subsets. Logistic Regression was used as a linear
discriminative classifier which is a model that directly represents posterior class probabilities in a linear manner. In
the multi-class classification, multinomial (SoftMax) formulation was embraced. Given an input vector a, the
probability of class k is defined as:
exp(wh a+by)

P(y:kla) :2C

C_iexp(wla+by)

(11)

Where by and wy represents bias of class and weight of the class and C stands out as classes or labels. The
postulated label is determined through the maximum a posteriori (MAP) rule:
y =arg mI?XP(y = k|x). (12)
The parameters were estimated using function of regularized loss of cross-entropy that was minimized:
L(w) = X1 Xi=1 Vi 0gP (v = klx) + AR (w), (13)

Here Ry, represents the regularization loss and Lambda=1/C is a control of the strength of regularization.
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True Label

Hyper parameters such as regularization coefficient (C), type of penalty (elastic-net), solver (liblinear and saga),
and the number of iterations were optimized in the RandomizedSearchCV and then refined with the help of the
GridSearchCV with five-fold cross-validation. The process allowed the stable convergence and avoided overfitting.
The trained version of the model was tested with unseen test samples on the training subset, where the model was
optimized. The associated classification reports and confusion matrices are given in Fig 17,18 and 19. The last Logistic
Regression classifier had a total accuracy of 92% on an overall scale and exhibited competitive performance with
SVM and at the same time was computationally efficient.

CLASSIFICATION REPORT OF LOGISTIC REGRESSION
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Fig 17. Classification Report of Logistic Regression
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KNN Model:

Corpus processing of the Kashmiri language was done through the same steps of normalization and TF-IDF
feature extraction list mentioned earlier. The documents were represented in a sparse feature vector each.

x; € RSO0, (14)
forming the labelled dataset as:

D = {(x;,y)}ice, ¥i €{1.2,...,9}, (15)

The data was segregated into training (21,600 samples) and testing (5400 samples) groups through an 80:20
hold out to provide objective test results. K-Nearest neighbor was adopted as instance-based non-parametric algorithm
of learning in which a test sample is classified using labels in the features space of the nearest neighbors. For a query
point x, spacing between samples was obtained as a similarity measure d (X, Xj). It was the Euclidean distance that
first came to use:

1237



d(x,x;) = ,/Zzzl(xk —x)", (16)

where d represents dimensions of the features.
Majority voting was used to obtain the predicted class label among the k nearest neighbors:
y =arg mCaXijeNk(x) 1 (yj = C) (17)
Where the set of k nearest neighbors is represented by Nk(x) represents and 1(-) is the indicator function. The
hyperparameter tuning was done with a GridSearchCV with a cross-validation of five-fold in order to figure out best
size of neighborhood. Parameter k was optimized between odd values 3<k<11 within the range to reduce class tie
cases. It achieved its best configuration at k = 11. The optimized model performance evaluation is shown in Fig. 20.
with the classifier having an accuracy of 84%. Further tests were performed by searching other distance measures
such as Manhattan and Minkowski distance to determine the effect that similarity measures had on the performance

during classification. The personalized configuration achieved a slight improvement and Fig.21 below shows the
results and 86% of accuracy was achieved in general.

M Precision M Recall ®mF1-Score

A3 A el Gy Gasa

JPEN }j\i&ﬁﬁ

Fig 20. Classification Report of Optimized KNN model.

In comparison with linear and probabilistic models KNN showed relatively poorer performance: this is
attributable to the fact that distance-based features are sensitive to high-dimensional sparsity feature spaces, and TF-
IDF representations of features present high-dimensional sparsity features.

CLASSIFICATION REPORT OF KNN MODEL
12

10

m Class ® Precision 1 Recall F1l-Score

Fig 21. Classification Report by performing Hyper parameter Tuning of KNN model.

The Pictorial representation of all the models used above along with their basic mode of operation is shown
below in Fig.22.
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Kashmiri Text Classification Model Evaluation

Fig 22. All models’ evaluation Process.

8. EVALUATION AND RESULTS

An empirical evaluation of the deigned framework was conducted on the created corpus consisting of Kashmiri
texts of 27, 000 sentences and nine classes. The corpus was systematically split into two segments in which 80% was
utilized for training and 20% was retained for testing its performance. The training of all models was done based on
the same preprocessing and TF-IDF feature representation to provide a fair comparison. To quantitatively evaluate
the effectiveness of the model, the performance measures like recall, precision, F1-score and accuracy were employed.
Findings indicate that the classical machine learning models are effective in text classification of Kashmiri. Of the
considered models, Support Vector Machine (SVM) demonstrated the best overall performance, with the next place
being occupied by the Logistic Regression and Multinomial Naive Bayes. Random Forest was performing averagely
well and K-Nearest Neighbors (KNN) was performing relatively low because it is sensitive to high-dimensional sparse
features space. The overall summary of the performance metrics of all the models evaluated is detailed in Table 2 as
below:

Table 2: Outcomes of the Evaluated Models:

Technique Used Accuracy (%) Precision Recall F1 Score
Support Vector Machine 93 0.94 0.94 0.94
Logistic Regression 92 0.93 0.93 0.93
Naive Bayes 91 0.91 0.91 0.91
Random Forest 89 0.88 0.88 0.88
KNN 85 0.84 0.85 0.84

9. DISCUSSIONS

This paper critically assessed the classical machine learning algorithms to classify Kashmiri text based on a
manually annotated and curated corpus. The experimental findings indicate that there are apparent differences in
evaluation results of compared classifiers. Most accurate of all methods was the Support Vector Machine with a close
second place going to Probabilistic model, distance-based, ensemble-based and linear models in their turn,
demonstrated relatively low performance. The higher performance of SVM and Logistic Regression could be
explained by the capability to effectively operate on thin feature representation with high-dimensional created by TF-
IDF. These models construct linear decision boundaries that allow text classification problems to be better classified,
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which involves a predominant role of discriminative lexical features in the model. Similarly, competitive performance
of Naive Bayes shows how well the probabilistic model can be applied to word-frequency-based representations. In
contrast, the distance-based analyses like KNN had lower accuracy because of their tendency to be susceptible to the
curse of dimensionality, in which the distance measures become less informative when the space sparseness. Random
Forest tree-based ensemble methods were also performing moderately, probably because splits are not optimal when
the textual features are very sparse. The misclassifications as seen in some of the categories could be ascribed to the
limited scale of training samples, lexical similarity between classes and the language complexity in Kashmiri. These
aspects indicate the difficulties related to processing low-resource languages and the necessity to use larger and more
diverse annotated corpora. All in all, experiment evaluation showed that classical learning methods are trustworthy,
computationally efficient, and provide interpretation possibilities of Kashmiri text tasks of classification.

10. CONCLUSION AND FUTURE RESEARCH

Research conducted in this study was a detailed analysis on the Kashmiri text categorization based on various
supervised machine learning methods. A tagged sentence-level database was created and used to test five popular
classifiers such as ensemble approach, distance-based model, probabilistic, linear probabilistic model and margin-
based classifier. Result evaluation analysis revealed that SVM had overall accuracy of 93% which is good performance
than Logistic Regression and Naive Bayes, which implies the strength of linear and probabilistic models in textual
representations of TF-IDF. These findings are very good baseline standards that can be used in future studies in
Kashmiri Natural Language Processing. However, in spite of encouraging results, there are a number of restrictions.
Dataset being limited in size, and additional gains in performance can be made with the use of corpus expansion,
better class balancing, and better pre-processing plans. Discrimination between classes might be also enhanced further
by incorporating more linguistic features like morphological normalization, stemming and syntactic cues.

Future functionality will involve expanding the data-set, developing new sophisticated feature engineering
methods, and finding more compelling classification systems. Corpus and baseline models developed offer the
learning basis of future studies on Kashmiri NLP, such as sentiment analysis, information retrieval, understanding of
the language.
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