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Abstract
Part-of-speech (POS) tagging—the automatic
assignment of grammatical categories to every token
in a text corpus—is a foundational preprocessing
step for AI-driven language applications such
as machine translation, sentiment analysis, and
information retrieval. Formorphologically complex,
low-resource languages such as Pashto, the scarcity
of annotated data and standardised tools makes
this task particularly challenging. This paper
presents a systematic comparative evaluation of
six machine learning (ML) and deep learning
(DL) algorithms—Support Vector Machine
(SVM), Decision Tree (DT), Random Forest
(RF), K-Nearest Neighbor (KNN), Multi-Layer
Perceptron (MLP), and Naïve Bayes (NB)—on a
newly constructed 32,000-token CoNLL-formatted
Pashto corpus (PashtoPoSTags). Each model is
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assessed by token-level accuracy, the standard
metric for POS tagging evaluation. Decision Tree
achieved thehighest accuracy of 94.34%, followedby
KNNwith Jaccard distance (94.14%) andKNNwith
Euclidean distance (93.97%). Random Forest and
SVM both exceeded the 90% threshold, while MLP
with Tanh activation reached 87.25% and the best
Naïve Bayes variant (Complement NB) attained
83.96%. Results show that classical ML algorithms
with carefully engineered n-gram features provide
computationally efficient and interpretable
baselines for POS tagging in resource-constrained
settings, and that PashtoPoSTags offers a
reproducible benchmark for future Pashto NLP
research.

Keywords: machine learning, part of speech tagging,
morphological structure, grammatical features.

1 Introduction
In 1950, Allan Turing in a seminar proposed
the idea that computers can understand Natural
Languages and can communicate with Humans.
From the beginning of the twenty-first century, this
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vision has begun to take on greater plausibility [1].
Natural language processing (NLP) is a subfield of
computer science that involves computer programs
that evaluates, synthesizes, and tries to understand
one or more human languages. Text, spoken language,
and keystroke will be used as input. The basic task
of NLP is to translate one language into another,
generate summaries, and manage dialogue with
users as a part of information retrieval [2]. Some
problems that require the processing of Natural
Language have different relevance. Modern NLP
systems draw on a range of techniques—from classical
machine learning classifiers to attention-based neural
architectures—to address tasks such as sentiment
analysis and machine translation [3], with the choice
of method often governed by the availability of
annotated data for the target language. In the present
day and the future, NLP systems will undoubtedly
play an important role in human-machine and
machine-machine communication. NLP’s role in
advancing telecommunication and computer science
cannot be underestimated. Comparative studies
on machine and deep learning approaches for POS
tagging have demonstrated their effectiveness across
morphologically rich languages, including Urdu [4].
We use NLP in daily life because our computers
and smartphones use many software applications
that use NLP applications. For morphologically
complex and low-resource languages such as Pashto,
recent work has demonstrated that combining deep
learning models with sequence labeling frameworks
can substantially improve POS tagging performance
[5]. POS tagging is a foundational NLP task that
underpins applications ranging from information
extraction to text summarization, and has been
approached through a wide spectrum of machine
learning and deep learning methods [6]. Natural
Language Understanding, which is a subpart of
NLP, is divided into subparts, as their morphology,
which includes Syntax, semantics, and pragmatics,
where morphology defines the creation of words.
Syntax means how the words are grouped to form
a sentence, semantics refers to the expression of a
sentence, and pragmatics stands for how a statement
is used in different scenarios [7]. Recent work
on Pashto text preprocessing has demonstrated
that CRF-based models can effectively handle the
language’s unique whitespace inconsistencies and
word boundary ambiguities [8].

Part of Speech tagging is the subarea of NLP where
the text is divided into words and sentences, and the

appropriate Part of Speech tag is assigned to eachword
[9]. Part of Speech tagging is considered a prerequisite
to solving some linguistic problems, which may
include Speech-to-text conversion, auto-completion,
auto-correction, etc. Taggingwords in a given sentence
manually is a time-consuming process, but with
advancements in NLP, now POS tagging is done
automatically using tools such as the NLPashto toolkit,
which integrates BiLSTM-based sequence labeling for
Pashto [10]. Many words in a language like English
are often ambiguous in Part-of-Speech tagging. Hence,
a Part-of-Speech tagger is a system that assigns a
part-of-speech category to words based on contextual
information [11]. Assigning a correct Part of Speech
tag to a selected word or sentence of any language
and then generating new output based on the tagging
data, substantial research has been devoted to POS
tagging for widely studied languages such as English,
Telugu, and Bengali, yet many regional languages
with smaller research communities—including South
Asian languages such as Urdu and Pashto—remain
comparatively underserved, as evidenced by the
analogous situation documented forMaithili [12]. Part
of Speech tagging is essential for Parsing andGrammar
correction, etc. Comparative studies of POS tagging
techniques for Urdu and other regional languages of
Pakistan have demonstrated that dataset quality and
annotation consistency are critical determinants of
tagger performance [13]. For morphologically rich
languages such as Urdu, the POS tagging pipeline
involves tokenization, tag assignment using learned
models, and disambiguation of words that carry
multiple possible tags depending on context [14].

1.1 Pashto Language
Pashto belongs to the Indo-European language family
and is primarily spoken in Pakistan and Afghanistan
[9]. Recent efforts to build NLP toolkits for
Pashto, such as the NLPashto toolkit incorporating
BiLSTM-based models, have demonstrated that deep
learning approaches can achieve competitive POS
tagging accuracy for this low-resource language
[10]. Pashto is a low-resource language, and the
construction of large, organized datasets demands
considerable effort from researchers [15]. Researchers
take a lot of time in collecting and organizing the
dataset of the Pashto language. The Pashto language
script is similar to Arabic and Persian and is written
from right to left. There is no concept of lower and
upper case in the Pashto language, it is not necessary
to add a blank space between two just like in English.
Sometimes the space insertion may generate errors or
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an ambiguous word [16].

As we mentioned earlier, Pashto is a Low-resource
language; therefore, it did not gainmore attention from
the researchers, and hence, very little work was done
on the Pashto Language. Previously, some researchers
worked on the Pashto language by using various
statistical and rule-based methods for POS tagging. A
rule-based POS tagging is used by [7] which achieves
an accuracy of 88%. A Bi-LSTM with CRF used by [9]
and achieve 87.60% of accuracy. In this research study,
we focus on using machine learning and deep learning
models for POS tagging of the Pashto language. These
algorithms include Support Vector Machine, Decision
Tree, Random Forest, K-NN, Multi-Layer Perceptron,
and Naïve Bayes. The main objective of this research
work can be applied to machine translation, sentiment
analysis, and Pashto speech recognition. Additionally,
Pashto is a low-resource language that is maintained
and advanced in the field of computational linguistics.

This paper assesses various Machine Learning and
Deep Learning models for POS tagging and offers
a well-annotated dataset to alleviate the dearth
of resources in Pashto. By enabling applications
like sentiment analysis, machine translation, and
text-to-speech systems, these contributions can aid in
the development of NLP tools for Pashto, which are
crucial for the preservation and advancement of the
language in digital fields.

The Pashto language has unique grammatical features
thatmake POS tagging challenging, including complex
morphology, flexible word order, and the use of
diacritical symbols. Additionally, other Pashto
dialects add variations in syntax and vocabulary,
including Quetta, Yousafzai, Kandahari, and others.
These characteristics highlight the importance of this
study and make Pashto POS categorization more
challenging.

1.2 Challenges
Whenever someone develops a POS tagger for any
language, it may face some challenges. The following
are some challenges related to the Pashto language.

1.2.1 Ambiguity
Some words in the Pashto language can have different
meanings according to sentence structure and context.
As shown in Table 1, the Pashto word "í

f
Ê¿ "means

"when," and the other meaning is "Village."

Table 1. Ambiguity example.

Ðñ» H. ñ
	

k/Sleeping è
f

	P

I am sleeping
VB NN I-PR

1.2.2 Insufficient resources
Pashto is a low-resource language with limited
digital resources; even basic script processing tools
such as optical character recognition systems remain
under-studied, as demonstrated by Ahmad et al. [17],
who developed one of the first robust OCR frameworks
for cursive Pashto script. The scarcity of annotated
Pashto corpora extends across NLP sub-tasks: Haq
et al. [15] had to construct a dedicated dataset from
scratch when developing a monolingual Pashto BERT
model for offensive language detection, underscoring
that data collection remains a fundamental bottleneck
for Pashto NLP research. The lack of annotated
datasets and the scarce application of deep learning
and sophisticated machine learning techniques for
Pashto point-of-sale tagging serve as research gaps that
are addressed in this paper. This gap is notable because
it hinders the development of NLP tools for Pashto,
a low-resource language with rising computational
demands.

1.2.3 Lack of Standardization
As shown in Table 2, Pashto has many dialects,
this dialect leads to morphological, syntactical, and
spelling variation.

Table 2. Dialect variation example.

ðYJËð@ H. ñ
	

k/Dream AÓ

I saw a dream
VB NN I-PR

1.2.4 Research Questions
The main research issue of this work is: How can
machine learning and deep learning techniques be
applied to accurately perform part-of-speech tagging
for the Pashto language, considering its unique
grammatical features and resource limitations? This
question was used to assess the effectiveness of six
approaches in addressing the challenges associated
with Pashto POS tagging. Additional questions
include:

1. How accurate and effective are machine
learning versus deep learning models for Pashto
part-of-speech tagging?

2. Which preprocessing techniques are most
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effective at handling the unique language traits
and script variations of Pashto in POS tagging
tasks?

3. Which machine learning or deep learning model
is most suited to address the challenges caused
by the lack of annotated Pashto datasets for POS
tagging?

2 Related Work
Part of speech tagging started in the era of 1950s and
1960s and is performed for many languages, which are
known as rich resource languages like English, French,
Arabic Chinese, etc. In this article, we focus on PoS
tagging for the Pashto language.

The earliest rule-based approach is used by [7],
followed the EAGLE guidelines developed a tag
set consisting of 54 different tags, and achieved an
accuracy of 88%. Another study was conducted
by [16], where the authors introduce the sentence
structure of the Pashto language, and describe that
the sentence is in the form of Subject-Object-Verb or
Object-Subject-Verb. In Pashto, many words have
more than one meaning, and need attention, a study
conducted by [9] do focus on that problem using
CRF-LSTM and HMM models, where they achieve
accuracies of 87 and 78% respectively. The neural
network model BiLSTM was used by [10] with GloVE
embedded model, which shows an accuracy of 97%.

Urdu is a widely spoken and national language of
Pakistan. Khan et al. [18] developed a CRF-based
Urdu POS tagger with language-independent
features, achieving state-of-the-art performance and
outperforming SVM-based baselines For Arabic,
AlKhwiter and Al-Twairesh [19] applied CRF and
bidirectional LSTMmodels to POS tagging of tweets
covering both Modern Standard Arabic and the
Gulf dialect, achieving up to 96.5% accuracy with
the Bi-LSTM approach. Alrajhi and ELAffendi
[20] applied deep learning LSTM models to
Arabic POS tagging using the Quranic Arabic
Corpus, demonstrating that neural approaches
can substantially outperform word embedding
baselines such as Word2Vec for morphologically
rich Semitic languages. Arabic morphology is rich,
and its NLP processing requires joint treatment
of tokenization, part-of-speech tagging, and
morphological disambiguation. Habash and
Rambow [21] demonstrated that these three
tasks can be addressed simultaneously in a single
pipeline, achieving state-of-the-art performance

on Modern Standard Arabic by exploiting the
interdependencies among clitic segmentation, POS
assignment, and morphological features such as
gender and voice. The study done by [22] for the
Persian language used the Hidden Markov Model
on homogenous and heterogenous Persian corpora
and achieved 98.1% accurate results. A statistical
part-of-speech tagger for the Persian language
was developed by Seraji [23], demonstrating the
applicability of corpus-based probabilistic approaches
to morphologically rich languages closely related
to Pashto in script and structure. The study effort
[9] uses the Long-Short-Memory (LSTM) Neural
Network technology of the deep learning approach
to reliably tag words that have several meanings in
the sentence; hence, the same word has multiple POS
tags. The CRF-BLSTM and HMM models are used by
the authors to train the LSTM Neural Network and
confirm its accuracy. They get 78% accuracy for HMM
and 87% accuracy for CRF-BLSTM.

The literature study reveals the importance of POS
tagging for Pashto Language in NLP and will be
used in many applications like sentiment analysis
and machine translation, etc., as Pashto has a rich
morphology, various dialects, and less availability
of well-annotated datasets, making the POS task
challenging. This research will help to address the
issues. POS tagging for other low-resource languages
has also seen recent progress; for instance, Warjri
et al. [24] developed a deep learning-based POS
tagger for Khasi, a low-resource language of Northeast
India, demonstrating the broader applicability of such
approaches beyond well-studied languages.

Part of speech tagging is important for machine
translation andmanymore applications related toNLP;
this research study focuses on the development of a
POS tagger for the Pashto language.

3 Methodology
The proposed methodology is composed of several
machine learning and deep learning models to achieve
the task of Part of Speech tagging for the Pashto
language, the machine learning models we use in
our experiments are Support Vector Machine (SVM),
Random Forest (RF), Decision Tree (DT), K-Nearest
Neighbor (KNN) classifier, Naïve Bayes and the deep
learning model Multi-layer Perceptron (MLP). For
more convenient and efficient results, two distance
methods of the KNN classifier are used, which are
the Jaccard and Euclidean distance methods. in
Multi-Layer Perceptron, four activation functions,
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namely Tanh, Identity, ReLu, and Sigmoid, are
included in these experiments, and four different
variants of Naïve Bayes algorithm, ComplementNB,
MultinomialNB, BernoulliNB, and GaussianNB, are
also tested in the said experiments.

The following methods were picked because of their
shown efficacy in text categorization tasks. While
MLP with different activation functions was utilized
to investigate nonlinear correlations in the data, SVM,
RF, and DT are recognized for managing challenging
decision limits. Because of their ease of use and
effectiveness when working with small, low-resource
datasets like Pashto, KNN and Naive Bayes (with its
four variations) were included.

The unique contribution of this research study is
to develop a well-annotated dataset, applying six
different machine learning and deep learning models
with their different variants and activation methods,
and a comparison of these models.

3.1 Support Vector Machine (SVM)
Support Vector Machine (SVM) is used to find the
optimal hyperplane that separates the data items
in classes. SVM is suitable for classification and
regression problems. Given training pairs {(xi, yi)}ni=1,
where xi represents the feature vector and yi is the
class label, the SVM solves the following optimisation
problem:

min
w,b

1

2
‖w‖2 + C

n∑
i=1

ξi (1)

subject to

yi

(
w>xi + b

)
≥ 1− ξi, ξi ≥ 0, i = 1, . . . , n (2)

where C is the regularisation parameter (set to C =
1.0) and ξi are slack variables that permit margin
violations. We use the one-vs-rest multiclass strategy
with an RBF kernel.

3.2 K-Nearest Neighbor (KNN)
K-Nearest Neighbor (KNN) is a supervised machine
learning algorithm that can be used for classification
and Regression problems. KNN makes predictions
based on similarity between data points. For
classification problems, KNNassigns themost relevant
label among the neighbors. For regression, it assigns
the target by averaging the values. Different distance
methods are used to calculate the distance between the
neighbors, including:

3.2.1 Euclidean Distance
The Euclidean Distance method is a well-known
distance method in geometry. This method is used
to find the straight-line distance between the two data
points in the Cartesian system. This method is most
commonly used in KNN. If we have two data points
(X1, Y1 and X2, Y2) in a 2D space, then the Euclidean
distance is calculated as:

√
(x2 − x1)2 + (y2 − y1)2 (3)

3.2.2 Jaccard Distance method
The Jaccard Distance method in mathematics is used
to find the dissimilarity between/Among the sets,
and the method is based on the Jaccard Coefficient.
This method uses distance ranges that are 0 and
1. If the distance range is 0, it indicates that the
sets are identical; if the range is 1, it indicates that
there is nothing common between the sets. The
Jaccard method is also used in KNN for similarity
measurement, it is usedwith categorical or binary data.
For two data points, the Jaccard method is calculated
as:

Jaccard Distance = 1− |A ∩B|
|A ∪B|

(4)

This method is also extended to three, four, and other
high dimensions. If we have three data points i.e, A, B,
and C, then the Jaccard distance will be calculated as:

Jaccard distance for AB = 1− |A ∩B|
|A ∪B|

(5)

Jaccard distance for AC = 1− |A ∩ C|
|A ∪ C|

(6)

3.3 Decision Tree
A Decision Tree is a supervised Machine learning
approach used for classification and regression
problems, but most commonly, a Decision Tree is used
for classification problems. It’s called a decision tree
because it takes conditions, and based on the condition,
it grows like a tree, where Decision nodes and Leaf
nodes are generated. The decision nodes take some
condition and generate leaf nodes, leaf nodes represent
the output of the tree. We use the Gini impurity
criterion:

G = 1−
C∑
c=1

p2c . (7)
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where pc is the proportion of class c at a given node.
Maximum tree depth is tuned on the validation set.

3.4 Random Forest
Random Forest is another popular Machine learning
algorithm; it’s based on the Decision Tree with
the introduction of randomness to improve the
performance and decrease overfitting problems.
Random Forest is a versatile algorithm and has
many application areas, including health care, image
identification and recognition, finance, etc. It combines
the output of many decision trees and generates a
single output, hence called a Random Forest. We use
T=100 trees with the Entropy (information gain) split
criterion; feature subsampling uses

√
d features per

split, where d is the total feature dimensionality.

3.5 Multi-Layer Perceptron (MLP)
Multi-Layer Perceptron (MLP) is a neural network that
comes into the category of deep learning algorithms.
MLP is considered the base or building block for
many other artificial neural networks and can be used
for classification, pattern recognition, and regression
problems. The structure of an MLP consists of nodes
that may be arranged in multiple layers. These layers
are divided into three categories, i.e., the Input layer,
hidden layers, and Output layer. The data is fed to
the input layer of the Network with some weights and
bias values, which may be passed to the hidden layer
(which may be one or more in number), and finally,
the output is displayed on the output layer. The output
of layer l is:

h(l) = σ
(
W(l)h(l−1) + b(l)

)
(8)

where σ(·) denotes the activation function. We adopt
an architecture with two hidden layers (100 and 50
neurons) and evaluate four activation functions. Two
methods, forward and Backward propagation, are
used to train the model. In forward propagation, the
data is fed to the network through the input layer, and
the output is generated layer by layer. In backward
propagation, the error is calculated backward, and
to remove the error, the Weight and bias values are
modified. Different activation functions are used in
MLP for processing the input.

3.5.1 ReLU Activation Function
ReLU is among the most often used activation
functions. It has the following formula:

f(m) = max(0,m) (9)

Stated differently, it outputs the input value if it
is positive and zero otherwise. The "dying ReLU"
problem, in which neurons can become stuck during
training and cease updating their weights if they
persistently produce negative values, can occur even if
the ReLU function adds non-linearity.

3.5.2 Tanh Activation Function
Another popular activation function that shifts input
values into the [−1, 1] range is Tanh (Hyperbolic). The
formula:

f(Y ) =
eY − e−Y

eY + e−Y
(10)

Tanh has the advantage of being zero-centered and
introduces non-linearity, both of which can help with
model optimization andmitigate some of the problems
with ReLU.

Table 3. Symbols excluded from the dataset.

Punctuation Marks Special Characters Other Symbols

Question Mark (?) Semicolon (;) Ellipsis (. . . )
Exclamation Mark (!) Hyphen (-) Ampersand (&)
Comma (,) Apostrophe (’) Dollar Sign ($)
Period/Full Stop (.) Quotation Marks (" ") Percent Sign (%)
Colon (:) Parentheses ( ) Plus Sign (+)
Minus Sign (-) Equal Sign (=) Greater Than (>) and
Less Than (<) Signs
At Sign (@) Asterisk (*) And others

3.5.3 Sigmoid (Logistic) Function
The sigmoid activation function assigns input values to
a range (0, 1). It may be calculated using the formula

f(c) =
1

1 + e−c
(11)

Despite being widely used in the past, the
sigmoid function has many disadvantages, such
as disappearing gradients, which can make training
deep networks difficult.

3.6 Naïve Bayes
Naïve Bayes is a popular machine learning algorithm,
based on the Bayes Theorem of probability. It is
called "naïve" because it considers that all the features
should be independent. This algorithm is widely
used for classification problems due to its efficiency
and simplicity. It’s also known as a Probabilistic
classifier. Other variants of Naïve Bayes classifier
are Multinomial Naïve Bayes, Gaussian Naïve Bayes,
Bernoulli Naïve Bayes, and Complement Naïve Bayes.
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The Naïve Bayes algorithm is based on Bayes’ theorem
of probability, mathematically expressed as

P (H|E) =
P (E|H)∗P (H)

P (E)
(12)

3.7 Proposed Dataset
A carefully annotated dataset with words matched
to their POS tags is needed by academics to perform
part-of-speech tagging efficiently. Because there isn’t
a standardized dataset for the Pashto language, we
created PashtoPoSTags, our dataset that we annotated
with the help of Pashto language specialists by
combining data from several sources. To make it
easier to apply Machine Learning algorithms correctly,
we then converted the dataset into CoNLL format.
Sentences are indicated by blank lines to indicate gaps
between sentences in theCoNLL format, which divides
the data into two columns: one for Pashto words and
the other for their matching POS tags. The data was
put through several preprocessing steps to ensure its
quality and fit for the models. Tokenization was used
to separate the text into discrete words, normalization
was employed to manage variations in Pashto script,
and missing values were dealt with by removing
incomplete entries. The dataset was ensured to be
clean and ready for analysis by taking these steps.

3.7.1 Data Pre-processing
Before using data for the experiment, the data must
be pre-processed and prepared for further processing.
The following pre-processing steps are involved. The
dataset is presented in both TXT and CSV formats, as
shown in Figure 1.

Figure 1. The dataset in TXT and CSV file formats.

Character Encoding The dataset we built consists
of words and their corresponding POS tags, which
are alphabets, numbers, and symbols, converted into
Binary (stream of 0’s and 1’s) to understand by a
computer. For this, we use the "UTF-8" character

encoding technique.Table 3 illustrates the symbols
excluded from the dataset.

Data cleaning Removing unnecessary symbols and
letters is obligatory because it can cause ineffective
results, as we arrange the dataset in CoNLL format,
hence blank spaces are there in the dataset as well,
which are known as NaN values in Python. So, the
following symbols that are not part of the language
are removed during this step. As shown in Table 4,
the unnecessary symbols and characters are removed
during the data cleaning process to ensure the dataset
is properly formatted for further analysis.

Dataset Splitting The dataset was divided into
training, validation, and testing sets in a standard
70/15/15 ratio to ensure accurate model evaluation.
Accuracy was the primary evaluation factor used to
compare model performances consistently across all
experiments. These steps ensured that the models
were trained and evaluated systematically.

Lexicon/Lexemes/tokenization. After data
cleaning, the dataset is split into tokens. in
training, each token consists of a single word
with a corresponding POS tag. When testing, the
word is checked by the machine learning algorithms
and assigned an appropriate POS tag.

"PashtoPoSTags" is a CoNLL-formatted dataset with
two columns: one for words and another for the
associated POS tags. To guarantee linguistic diversity,
the dataset includes 32000 samples from various
sources, such as news articles, books, and social media
posts. For reproducibility and ease of integration
with POS tagging techniques, this structure provides
a standard format.

4 Experiments
4.1 Evaluation Metrics
Model performance is quantified by token-level
accuracy on the held-out test set, defined as the
proportion of tokens assigned the correct POS tag:

Accuracy =
Number of correctly tagged tokens

Total number of tokens
(13)

Accuracy is the standard primary metric for POS
tagging evaluation and enables direct comparisonwith
prior Pashto POS tagging studies [7, 9, 10].

The models mentioned in section 3 are applied by
conducting the following pattern for experiments.
The dataset we prepared for the experiment, named
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Table 4. Example of data cleaning.

Original Sentence Cleaned Sentence Tokenized Sentence POS Tags

Ñ



k í
f
�
K Pñ» è

f
	P Ñ



k í

f
�
K Pñ» è

f
	P Ñ



k , í

f
�
K [, Pñ» , è

f
	P [PR, NN, ADP, VB]

"PashtoPoSTags," is used in our experiments. To
feed data into a deep learning or machine learning
model, the dataset must be split into separate training
and testing subsets. Within this framework, the
PashtoPoSTags dataset is partitioned so that 70%
of the data is set aside for training, 15% is set
aside for testing purposes, and the last 15% is for
validation. All experiments were implemented in
Python 3.10 using scikit-learn 1.3 for the ML models
and TensorFlow 2.13 for the MLP. Feature extraction
used scipy sparse matrices; experiments were run on
an Intel Core i7-12700H CPU with 16GB RAM. No
GPU acceleration was required for the classical ML
models; MLP training completed in under 30 minutes.

Among all the methods we examined in our trials, the
Decision Tree machine learning model produced the
best accuracy of 94.34% when we used the dataset
we assembled as input. This result highlights how
well Decision Trees can identify trends in data, which
makes it easier to classify POS tags for Pashto words
in an effective manner.

In this experiment, we look at two distance approaches
that provide two distinct accuracies, and the KNN
algorithm demonstrates robustness. While the
Euclidean Distance approach yields an accuracy of
93.97%, KNN with the Jaccard Distance method
generates an accuracy of 94.14%. The selection of
nearest neighbors has a big impact on the KNN
algorithm’s output; in certain situations, selecting
fewer nearest neighbors yields good results, while in
other situations, selecting more nearest neighbors may
yield good results. We use a random selection process
to see how the KNN reacts in our experiments. we
noticed that when the number of nearest neighbors
is changed, the KNN yields varied results. The
neighbourhood size is set to k=3 after grid search
over k ∈ {1, 3, 5, 7, 9} on the validation set. Figure 2
illustrates the comparison between Decision Tree and
K-Nearest Neighbor (KNN) models.

The method used to estimate the distance between
the data points is another important factor that
could influence the result. This distance can be
measured using many techniques, such as the
Jaccard, Manhattan, Cosine, and Euclidean distance
approaches, aswe indicated in the Introduction section.

Figure 2. Comparison of Decision Tree & KNN.

Every approach for measuring distance has a unique
outcome. In these investigations, we used two distance
methods: the Euclidean and the Jaccard, and each
yielded result that were different from the other.

Figure 3. Comparison of Random Forest & SVM.

While the SVM produces results with an accuracy of
90.00%, the Random Forest tests yield results with
an accuracy of 90.28%. Even while Decision Tree
and KNN (with both distance methods) have slightly
higher accuracy than RF and SVM, these algorithms
nevertheless provide competitive performance for
Pashto language POS tagging. While Random Forest
blends several decision trees to get the output, making
it a useful method for some applications, SVM is
good at distinguishing data points in high-dimensional
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Table 5. Details of feature analysis for different machine learning models.

Model Feature Strategy Configuration

KNN N-gram TF-IDF (2–4), word bigrams k = 3; Euclidean and Jaccard distance
Decision Tree N-gram TF-IDF (2–4), word bigrams Gini impurity; depth tuned on validation set
SVM N-gram TF-IDF (2–4), word bigrams RBF kernel; C = 1.0; one-vs-rest
Random Forest N-gram TF-IDF (2–4), word bigrams Entropy; T = 100 trees
MLP N-gram TF-IDF (2–4), word bigrams Layers [100, 50]; ReLU/Tanh/Sigmoid/Identity; batch=32
Naïve Bayes N-gram TF-IDF (2–4), word bigrams Multinomial, Gaussian, Bernoulli, Complement

space. Figure 3 shows the comparison of Random
Forest and Support Vector Machine (SVM) in terms of
accuracy.

The accuracy of the Multilayer Perceptron (MLP)
varies based on the activation functions that are
used. Popular activation functions include Tanh,
identity, sigmoid, and ReLU, and various accuracies
are obtained. More specifically, the accuracy is 86.65%
when using the sigmoid and ReLU activation functions.
With the Identity activation function, the accuracy is
86.99%, which is marginally higher. Out of all the
activation functions studied, the Tanh function yields
the highest accuracy of 87.25%.

The importance of choosing the right activation
function for maximizing the Multilayer Perceptron’s
(MLP) performance is highlighted by these results.
Tanh is the most appropriate option among the tested
activation functions for improving accuracy in this
POS tagging activity. This proves that activation
functions are essential for optimizing the performance
of the MLP for certain uses, like part-of-speech
tagging. Determining the Multilayer Perceptron’s
(MLP) hidden layer configuration, that is, how many
layers and how many neurons are in each layer, is a
crucial step in optimizing the MLP. We chose a design
with two hidden layers for our investigation, the first
with 100 neurons and the second with 50 neurons.
It’s important to note that changing these settings
has a substantial impact on both the algorithm’s
overall accuracy and the effectiveness of each activation
function used. Through a series of studies examining
various hidden layer configurations and neuron counts,
we concluded that the best performance may be
achieved by using two hidden layers, each with 100
and 50 neurons.

The MLP model was trained with a batch size of 32,
which is commonly chosen to balance computational
efficiency and model generalization. The Pashto
dataset’s modest size was effectively handled by this
batch size, which also ensured steady gradient updates
throughout training. This specific feature shows how
careful consideration was given to enhancing model

performance. Figure 4 compares the performance of
different activation functions used in the Multi-Layer
Perceptron (MLP) model.

Figure 4. Comparison of MLP activation functions.

There exist numerous iterations of the Naive Bayes
algorithm, and their respective accuracy rates vary
based on the given circumstances. we employed
several different variations in our experiment, such
as Gaussian Naive Bayes (GaussianNB), Bernoulli
Naive Bayes (BernoulliNB), Complement Naive Bayes
(ComplementNB), and Multinomial Naive Bayes
(MultinomialNB). In contrast, the accuracy produced
byMultinomial Naive Bayes is 80.33%; Gaussian Naive
Bayes is 63.98%; Complement Naive Bayes is 83.96%;
and Bernoulli Naive Bayes is 73.45% of the course.
These results indicate that using a different form of the
Naïve Bayes algorithm for the same example can yield
different results. Figure 5 compares the performance
of Naive Bayes and its different variants.

The underlying assumptions of each version and
the characteristics of the dataset are what cause
the variations in the accuracy of Naive Bayes
variants. The assumption of continuous data and
a normal distribution in Gaussian Naive Bayes
may not be well adapted to the dataset’s discrete
word-based characteristics. On the other hand,
because Complement Naive Bayes is designed for
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Figure 5. Comparison of Naive Bayes and its different
variants.

imbalanced datasets, it is more ideal for controlling
the word distributions in Pashto POS tagging.

The Naive Bayes algorithm’s results demonstrate how
versatile it is, as different variants produce different
results on the same dataset. Despite this flexibility, it
performs the worst out of the six tested algorithms.
This demonstrates that the algorithm can handle a
wide range of data distributions, but it also shows that
it is not as effective as other approaches in this specific
experiment. As shown in Table 5, the differentmachine
learningmodels used in this study vary in their feature
analysis methods and configuration settings, such as
the KNN’s use of Euclidean distance and Decision
Tree’s reliance on Gini Index.

5 Discussion
5.1 Implications for Advanced Computing Systems
Decision Tree and KNN are interpretable,
lightweight, and deployable on edge devices
without GPU acceleration-properties of direct value
for IoT-embedded Pashto NLP applications (e.g., voice
interfaces, SMS filtering, or intelligent document
processing). The computational overhead is orders of
magnitude lower than transformer-based approaches,
making these methods viable for systems with strict
latency or power budgets.

5.2 Limitations
Three limitations should be acknowledged. First, the
32,000-token corpus is modest; the performance gap
to neural methods is likely to close as data scales.
Second, model accuracy was computed on a single
stratified train/test split; future work should adopt
k-fold cross-validation to obtain variance estimates.
Third, the feature set does not incorporate contextual

word embeddings.

5.3 Future Directions
Future work should: (i) expand PashtoPoSTags to
≥100,000 tokens; (ii) incorporate mBERT/XLM-R
representations; (iii) evaluate cross-dialect
generalisation; and (iv) integrate the tagger into a full
NLP computing pipeline with downstream parsing
and sentiment analysis.

6 Conclusion
In this research study, we examine different machine
learning and deep learning algorithms for Pashto
language Part of Speech Tagging (POST), which are
Decision Tree, Support Vector Machine, Random
Forest, Multi-Layer Perceptron with different
activation functions like Tanh, Sigmoid, ReLu and
Identity, K-Nearest Neighbor by examining two
distance methods Jaccard and Euclidean and Naïve
Bayes with its four different variants. Among all these
algorithms, we assess Decision Tree and KNN with
the Jaccard and Euclidean methods, generating the
highest accuracies of 94.34%, 94.14%, and 93.97%,
respectively. However, this research needs more
focus on some parameters, such as the size and
diversity of the dataset, and implementing deep
learning and ensemble methods, which may produce
different results in this case. KNN and Decision Trees
performed better because they can manage non-linear
decision boundaries and successfully adjust to the
structure of the Pashto dataset. Naïve Bayes performed
badly because its strong independence assumptions
are not as well adapted to the complex relationships
present in language data. Notwithstanding its power,
MLP’s accuracy was reduced due to the tiny quantity
of the dataset, which may have limited its ability to
fully comprehend the patterns in Pashto POS tagging.
Future research could visualise the learned decision
tree structure to improve interpretability, offering
insights into how the model prioritises particular
linguistic features.
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