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Abstract
Fake news presents misleading information as legitimate
news to influence public opinion and deceive readers. Fake
news detection techniques distinguish between fake news and
real news, having credible information. These techniques an-
alyze the linguistic patterns in the text, contextual inconsis-
tencies in user responses, and propagation behavior on social
networks. Unlike high-resource languages, Urdu has limited
basic tools that restrict the application of state-of-the-art ma-
chine learning models for Urdu-based challenges. Therefore,
the available approaches for fake news detection in Urdu do
not perform well on benchmark datasets. Bag-of-words ap-
proaches consisting of frequency-based sparse vectors are of-
ten used to represent features as n-grams, which are inade-
quate for detecting linguistic indicators related to legitimacy
in news. In this paper, we propose a methodology that uses
Urduhack text preprocessing tools to prepare the data, Urdu
embeddings to represent the news text as dense vectors, and
finally, a long short-term memory (LSTM) based deep se-
quence model to classify fake and real news. The proposed
methodology outperforms traditional machine learning ap-
proaches in identifying linguistic characteristics and utiliz-
ing them for decision-making, achieving considerable perfor-
mance gains with an accuracy of 85% and 83% on the Bend
the Truth (BET) and Urdu fake news (UFN) datasets.

Introduction
The rise of social media and the widespread use of the
internet have brought about a notable change in news
spread (Zhou and Zafarani 2020). However, this accessibil-
ity has also given rise to the problem of fake news. This
refers to news stories that are intentionally false and are
meant to mislead readers. Fake news can cause harm, from
damaging people’s trust in reliable information to causing
confusion and even social unrest. Fake news may be used to
promote or demote individuals, groups, organizations, gov-
ernments, etc. Various sociology studies review the propa-
gation and impact of fake news through responses on social
media (Shu et al. 2017). Fake news can be any incorrect ma-
terial intended to convince its users to accept it. It may target
the promotion or demotion of individuals, groups, or organi-
zations. For instance, ”Pope Francis staggers the world, ac-
cepts Donald Trump for president, releases verbalization”.
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The news was exceptionally mainstream and accumulated
more than 960K user commitments on Facebook. Figure 1
has a few examples of Urdu fake and real news from BET
dataset. It can be observed that the claims in fake news are
stronger as compared to true news, given the real-world situ-
ation. For example, people following Pakistan politics would
deny the startling claim in the first fake news, given the re-
lationship between the two politicians.

Fake news has profound effects on societies on financial,
political, religious, moral, cultural, and social grounds. So-
cial media platforms are increasingly becoming the main
source of information. They have made access to informa-
tion faster, simpler, and more engaging than ever before.
As per the Pew Research Center, around 66% of American
grown-ups in 2013 got news from online media (Gottfried
and Shearer 2016). It also exposes them to the noise and
fake news that is also spread through social media. Distin-
guishing fake news from genuine information and minimiz-
ing its propagation and impact is a critical concern for online
platforms (Yang et al. 2019). According to a report, 50%
of Facebook postal links are fake, and only 20% of refer-
ral links are from well-known websites (Pérez-Rosas et al.
2017). Fake news articles and their sources are unverified,
often wrong, and lead viewers astray (Raza et al. 2020). Fake
news lacks genuineness, and has falsehood about the sub-
stance, excluding paranoid ideas that are hard to decide as
true or false. They are written to deceive the reader, there-
fore, indicating specific patterns, vocabulary, and writing
styles that appeal to a wider audience (Neal et al. 2017).

Automated detection of fake news intends to reduce hu-
man effort and time to identify fake news (Riedel et al.
2017; Jain and Kasbe 2018). Several types of approaches
are used for content-based fake news detection in litera-
ture (Amjad et al. 2020). The knowledge-based approaches
that rely on external resources to verify the legitimacy of a
news item (Zhou and Zafarani 2020). Context-specific vo-
cabulary has been used to distinguish between fake and le-
gitimate news (Gómez-Adorno et al. 2018), and patterns in
writing style may also serve as indicators of fake news (Am-
jad, Sidorov, and Zhila 2020; Akhter et al. 2021). Addi-
tionally, network propagation-based approaches, depending
on news propagation and response from social media users
are also indicative of detecting fake news (Shu et al. 2017).
However, the lack of basic NLP tools to preprocess the data



Figure 1: Fake and real news examples from Bend the Truth (BET) dataset, where subsequent examples are from the same
domain.

with higher accuracy and to represent the data as dense vec-
tors that preserve the semantic association among words has
been a limitation. The use of n-grams and frequency-based
bag-of-words approaches plateaus before achieving accept-
able accuracy (Amjad, Sidorov, and Zhila 2020). These ap-
proaches exhibited limited ability to capture the contextual
semantics and long-distance associations among words. The
Urduhack library1 offers NLP tools for preprocessing Urdu
text, and gensim library2 contains pre-trained Urdu word
embeddings. These two resources provide the means to ap-
ply modern NLP models to Urdu text. It leads us to our
research question i.e., can these resources, integrated into
a deep learning architecture, improve the accuracy of fake
news detection in Urdu? We hypothesize that since the word
embeddings have proven much better than frequency-based
approaches for NLP tasks, the Urdu embeddings will im-
prove the accuracy of the fake news detection task. The em-
beddings are trained on Wikipedia articles and web news
that have relevance to the task at hand.

Deep learning models such as convolutional neural net-
works, recurrent neural networks, and their variants, i.e.,
bidirectional recurrent neural networks and long short-term
memory (LSTM) models, are frequently used for similar
tasks in other languages (Deepak and Chitturi 2020). Ben-
efiting from the literature on high-resource languages, we
propose to address fake news detection in Urdu by us-
ing a deep sequence classification methodology that uti-
lizes Urduhack for preprocessing tools and the gensim Urdu
Word2Vec embeddings for dense vector representation. The

1https://github.com/urduhack/urduhack
2https://pypi.org/project/gensim/

proposed approach performs better in identifying patterns of
fake and real news and better detection of semantic asso-
ciations and long-distance word dependencies. We use the
Benchmark Urdu fake news datasets i.e., Bend the truth
(BET) dataset3, having 900 instances, and the Urdu fake
news (UFN) dataset4, having 10,083 instances, to train and
evaluate our approach. These datasets have fake news either
written or labeled by expert journalists and cover multiple
categories, including health, technology, politics, sports, etc.
Our proposed approach achieves 85% accuracy on the BET
and 83% accuracy on the UFN datasets. In the UFN dataset
with domains explicitly mentioned, the model faced diffi-
culty in correctly classifying news in the Entertainment and
Technology domains.

Literature Review
Automated investigation of fake news is a subject of higher
consideration. The evidence for fake news started in 1439
with the creation of the printing press (Amjad, Sidorov, and
Zhila 2020). Fake news is a piece of information that is
false. Various sociology studies have analyzed the impacts
of fake news and how people have responded to it (Shu
et al. 2017). Social media platforms provide all sorts of in-
formation to their users that has fake news disguised as gen-
uine information. It has affected various platforms where a
higher number of user activities are expected, such as social
media platforms, emails, broadcasting platforms, and even
standalone news sites. Fake news may contain serious fab-
rication, deception, and satire. serious fabrications are news

3https://github.com/MaazAmjad/Datasets-for-Urdu-news
4https://github.com/pervezbcs/Urdu-Fake-News



items about bogus and non-existent occasions or data. De-
ceptions are giving incorrect information from customary
news sites. Satire is diverting news that imitates authentic
news while containing disjointedness and craziness (Amjad
et al. 2020).

The trustworthiness of the news item is determined by us-
ing different approaches to offer ground truth. The expert-
oriented approaches depend on specialists such as journal-
ists and fake news researchers to survey, review, and la-
bel fake news items. Crowd-sourcing-oriented approaches
benefit from the collective intelligence of adequately large
groups to annotate data. The lack of expertise of the anno-
tators is compensated through higher annotator agreement
among multiple annotators annotating the same news item.
Computation-oriented approaches depend on external re-
sources, e.g., DBPedia, to determine fake news. Machine
learning models require high-quality training data to build
reliable models, more often treating fake news detection as
a binary classification problem (Jain and Kasbe 2018). Since
the vocabulary of fake and legitimate news on the same
topic has a high overlapping vocabulary, the n-grams and
frequency-based approaches that are invested in the skewed
use of vocabulary in a specific category are found to strug-
gle. Fake news detection requires deeper analysis of the se-
mantic association and writing style patterns of the two types
of news items. There are also news items that can certainly
be labeled as true or false, and stay close to the fence. It also
hints towards either increasing the number of classes to treat
it as a multi-class classification problem or projecting a re-
gression model on it that assigns a validity score to a news
item, indicating how close it is to reality (Pérez-Rosas et al.
2017). Typically, the difference between predicted scores
and label scores may be computed through Pearson or Spear-
man corrections. However, since the available datasets have
discrete ground truth scores, the challenge here is how to
convert single labels to numeric scores. If the dataset con-
tains the full length of the article, the rhetorical approach
can be used as one of the craft features (Oshikawa, Qian,
and Wang 2018; Parikh and Atrey 2018).

Machine learning models such as naive bayes classifier,
logistic regression, random forest, support vector machines,
and decision trees are utilized (Amjad, Sidorov, and Zhila
2020). Deep learning models such as convolutional neural
networks, recurrent neural networks, and generative adver-
sarial networks are also used (Deepak and Chitturi 2020;
Manna et al. 2020). Although left and right-handed hand-
writing languages are similar for detecting style patterns,
with reported difficulties in detecting fake news (Potthast
et al. 2017). Naive Bayes classifier, focusing on the pres-
ence or absence of vocabulary across different labels, is used
for text classification tasks, e.g., spam detection (Granik
and Mesyura 2017). Satirical cues may indicate fake news,
where Support vector machines are used to classify fake
news (Rubin et al. 2016). Support vector machines and Ad-
aBoost have shown better results in classifying Urdu fake
news. However, the machine learning approaches are often
used with frequency-based bag-of-words representations,
i.e., term frequency-inverse document frequency, log en-
tropy of frequency, and n-grams that cannot capture the se-

mantic associations among words. There are also fake news-
specific evaluation techniques that closely focus on the per-
formance of fake and real news items detection (Burzo et al.
2018). However, the fake news detection task has relatively
smaller annotated datasets as compared to other NLP tasks.

Fake news detection approaches analyze the content of
the news item to determine fake news. These approaches
may benefit from external resources that provide direct in-
formation on the content or writing styles for fake and le-
gitimate news (Amjad et al. 2020; Zhou and Zafarani 2020).
The context-based approaches that focus on the use of spe-
cific vocabulary to detect fake news (Gómez-Adorno et al.
2018). Unigrams of varying orders with different weight-
ing schemes to improve accuracy (Hossain et al. 2020). The
style-based approaches that detect patterns in the writing of
fake and real news items (Akhter et al. 2021). Increasing
the order of n-gram beyond a limit decreases performance,
as determined by the receiver operating characteristic curve.
The function words were also found crucial with a suitable
weighting scheme to improve results. AdaBoost has gener-
ally achieved higher performance for fake news detection
across domains (Amjad, Sidorov, and Zhila 2020). Writing
style of the content creator at lexical, i.e., the degree of char-
acters, grammatical, semantic, primary, and subject levels,
also improves classification accuracy (Lagutina et al. 2019).
Boundaries at the character, syllable, or word level in text
are regularly alluded to and are among the most crucial de-
cisions. However, multiple levels of n-grams drastically in-
crease the number of features, supplemented by recurrence
of characters, lower and upper cases, numbers and the use of
white spaces (Bühlmann 2011).

External fact-checking sites such as PolitiFact and Snopes
can help to separate real news from fake news (Asr and
Taboada 2019). However, exploring the World Wide Web
for information on the veracity of a news item is too compli-
cated due to multi-modal data, i.e., database records, videos,
audios, and articles in different text formats and scattered
across different organizations’ websites (Shu et al. 2017).
There are also efforts in collecting, annotating, and enriching
good-quality data on the topic (Ahmad et al. 2020). How-
ever, low-resource languages are not keeping up with these
developments and therefore, have only a limited supply of
annotated datasets, which restricts the model to analyze con-
tent on multiple levels of n-gram features only (Pérez-Rosas
et al. 2017). These styles are often attempts to entice cus-
tomers, impact their behavior, push towards quick action,
and manipulate their feelings (Amjad, Sidorov, and Zhila
2020). Attempting to catch the objectivity of fake news
heading also indicates similar behavior, e.g., ”You will never
accept what he did?”. However, these approaches suffer
from the unavailability of sufficient tools in the case of low-
resource languages. Diverse literary features with ensemble
learning are used with ensemble learning to separate fake
news from real news (Ruchansky, Seo, and Liu 2017).

Some datasets do not contain hard instances and have
rather clearer separation between real and fake news. Al-
though a model may achieve higher accuracy on such
data, but is not effective for building real-world applica-



tions. LIAR5, dataset and Buzz-feed information collection6

also lack enough hard-to-classify instances as compared to
the TruthFinder7 and CRH datasets (Yang et al. 2019). In
datasets with more hard-to-classify instances, the accuracy
of the traditional machine learning models does not improve
beyond a point despite parameter optimization. Deep learn-
ing models such as convolutional neural networks, recurrent
neural networks, and improved variants, Bi-recurrent neural
networks, and LSTM better adapt to the detection of com-
plex patterns for better detection of fake news. A deeper
analysis of the news content and its headings offers addi-
tional features to investigate fake news, such as geographical
locations, writer subtleties, news domain, etc. This informa-
tion, when concatenated with the content embeddings, has
been shown to improve the classification accuracy of fake
news detection (Nguyen et al. 2019).

The propagation features offered by social media plat-
forms, e.g., retweets, shares, likes, comments, etc., are also
used to detect user behavior in responding to fake news.
It involves the behavior patterns of news consumers in re-
sponding to fake or legitimate news. Intentionally or unin-
tentionally, the consumers may also contribute to spreading
fake news in their network. The users’ behavior in interact-
ing with news on social media is checkers who verify infor-
mation and spreaders who do not verify and contribute to
spreading fake news. The users’ behavior patterns, person-
ality traits, and social network indicate checkers and spread-
ers (Manna et al. 2020). With the recent advancements in
machine learning and their application in NLP, the mod-
els are getting bigger, better, and therefore, more effective
in capturing complex patterns in the text. The algorithmic
enhancements are also complemented by annotated datasets
with more diverse samples. The NLP tools have also im-
proved in text preprocessing, information extraction, and en-
richment offered to the model. As a low-resourced language,
the fake news detection approaches in Urdu are limited to n-
grams and frequency-based approaches with traditional clas-
sification models. With the recent availability of better NLP
tools for Urdu (Urduhack library) and Urdu word embed-
dings (gensim Word2Vec), we investigate their utility for the
fake news detection task.

Proposed methodology
The proposed methodology is designed to identify distin-
guishing linguistic patterns in Urdu fake and real news by
leveraging a deep learning approach that combines NLP pre-
processing tools, word embeddings, and sequence modeling
via LSTM networks. The complete methodology comprises
three main components:

Data Preprocessing
We utilize the Urduhack library for customized preprocess-
ing tailored to the Urdu language. This step includes:

5https://huggingface.co/datasets/ucsbnlp/liar
6https://webis.de/data/buzzfeed-webis-fake-news-16.html
7https://github.com/IshitaTakeshi/TruthFinder

Segmentation and Tokenization: Handling the tokeniza-
tion of Urdu sentences with attention to compound and in-
flected forms common in Urdu script.

Normalization and Stemming: Reducing words to their
base or root forms while preserving semantic context.

Noise Removal: Eliminating stopwords, domain-specific
noise words, numeric tokens, and irrelevant symbols such
as currency marks, punctuation, whitespace anomalies, and
diacritics (e.g., zabar, zer, pesh).

This stage ensures that the input text is clean, standard-
ized, and linguistically relevant for downstream embedding
and modeling.

Word Embedding using Gensim
The cleaned corpus is then transformed into vector repre-
sentations using pre-trained Urdu word embeddings from
Gensim. Each token is replaced with its corresponding 300-
dimensional vector, derived from embedding models trained
on Wikipedia and news-related corpora. These embeddings
offer two main advantages. They capture contextual relation-
ships between the words. They enhanced the performance
due to the similarity between the pretraining corpus and the
task domain i.e., news classification. The word embeddings
serve as the input layer to the neural architecture, allowing
the model to ingest rich semantic representations of the text.

LSTM-Based Deep Learning Model
The core of the classification model is a Long Short-Term
Memory (LSTM) network, which is particularly well-suited
for processing sequential data like text. LSTM networks ad-
dress the limitations of traditional RNNs, particularly the
vanishing gradient problem, by introducing memory cells
and three types of gates i.e., input gate Controlling the flow
of input into the memory cell, forget gate Regulating parts of
the previous memory to discard, and output gate determin-
ing memory passed to the next layer (Deepak and Chitturi
2020). This approach allows LSTM to learn both short-term
and long-term dependencies, making them ideal for captur-
ing the temporal and contextual cues that differentiate fake
news from real news. The model processes sequences of em-
bedded tokens and outputs a classification label indicating
the veracity of the input news item. We train and evaluate
our model on publicly available Urdu fake news datasets.
The model uses a single-node output layer with a sigmoid as
a binary classifier.

Results
Datasets: We used two benchmark datasets for fake news
detection in Urdu. Urdu Fake News (UFN)8 has 10,083 in-
stances with 5030 real and 5053 fake news. The news items
are collected from leading newspapers and news channels
in Pakistan and India from 2017 to 2023 and are annotated
by expert journalists. It covers 15 domains, i.e., politics,
health, sports, entertainment, technology, weather, agricul-
ture, economy, showbiz, social media, education, women’s

8https://github.com/Sheetal83/Ax-to-Grind-Urdu-
Dataset/tree/main



(a) Word embeddings (128-dimensional vectors) trained from scratch
on the BET dataset

(b) Word embeddings (128-dimensional vectors) trained from scratch
on UFN dataset

Figure 2: Embeddings trained on BET and UFN datasets
from scratch.

rights, religion, foreign affairs, and international news. How-
ever, the dataset does not contain domain-specific labeling
for individual news items. Bend the Truth (BET)9 has 900
items with 500 real and 400 fake news. It covers only 5 do-
mains, i.e., technology, business, sports, health, and enter-
tainment. The fake news items are written by professional
journalists for the dataset. Table 1 provides statistics on the
preprocessed BET and UFN datasets. Interestingly, there is
very little overlap in the vocabulary of fake and real news
in both datasets. In comparison to BET, UFN not only has
more documents but also much longer documents providing

9https://github.com/MaazAmjad/Datasets-for-Urdu-news

Table 1: Dataset features i.e., vocabulary, longest document,
shortest document, and total documents in the BET and UFN
datasets.

Bend the Truth (BET)
Feature Fake Real
Vocabulary 184K 120K
Longest document 6516 1096
Shortest document 2 24
Total documents 500 400

Urdu Fake News (UFN)
Vocabulary 1147K 954K
Longest document 6976 14,123
Shortest document 432 407
Total documents 5053 5030

Table 2: Training parameters of the proposed architecture

Stage Hyperparameter Instance
Initialization Weights Xavier (Default)
Activation Function ReLU, Sigmoid Alpha=0.0 (Default)
Training Epochs 10

Batch Size 32
Loss Function binary crossentropy
Optimizer Adam

more context and relevant information about the news items.
UFN also uses a much more diverse vocabulary as compared
to BET. The overlap in the vocabulary of fake and real news
makes the fake news detection task even more challenging.

Figure 2 shows 2D projection of the word embeddings
trained on the BET and UFN datasets, with word dimen-
sions reduced from 128 to 2 using principal component anal-
ysis (PCA). It broadly exhibit similar spatial structures, both
characterized by a skewed distribution along the horizon-
tal axis. In each case, the embeddings show a dense cluster
concentrated on the left side, gradually spreading out toward
the right. However, the BET embeddings are more compact
suggesting stronger clustering or semantic similarity among
frequently occurring terms. In contrast, the UFN dataset ex-
hibits a slightly more uniform spread, with less density on
the left and a broader dispersion across the horizontal plane,
indicating higher variability in word usage or a wider se-
mantic range. Despite these nuances, the overall shape and
directional skew remain consistent, highlighting shared un-
derlying linguistic structures.

We used early stopping, dropout, and regularization tech-
niques to control over-fitting and improve generalization.
The model uses the ReLU activation function for dense lay-
ers in the architecture, while the sigmoid for the single-node
output layer performs binary classification. The proposed ar-
chitecture is trained for 10 epochs, where the performance of
the model stabilizes. We used 32 batch size, while also try-
ing larger batches that did not help improve the classification
accuracy. We used binary cross-entropy loss with the Adam
optimizer while experimenting with the stochastic gradient
descent optimizer as well. The model’s parameter settings
are provided in Table 2.

Next, we present the results of our proposed approach



for both the BET and UFN datasets. To estimate the im-
provement in accuracy with the help of Urdu embeddings,
we performed three experiments on both BET and UFN
datasets and compared the results with both deep learning
and traditional machine learning architectures. Among tra-
ditional machine learning approaches, we used the most fre-
quently used ones i.e., support vector machines (SVM), lo-
gistic regression (LR), decision trees (DT), XGBoost, and
random forest (RF). Among deep learning approaches, we
compared our proposed LSTM-based architecture with con-
volutional neural networks (CNN) )-based architecture. The
deep learning architectures have experimented with different
available embeddings represented as ” ” i.e., embeddings
trained on the datasets from scratch, ”wbn” i.e., embeddings
trained on web news, and ”wkn” i.e., embeddings trained on
Wikipedia and web news.

Table 3 shows the results of the proposed approach in
comparison to traditional machine learning and deep learn-
ing approaches. It can be observed that BET being a rela-
tively smaller dataset has the traditional machine learning
approaches performing well too. For example, SVM and
logistic regression are just next to the proposed approach,
while some of the deep learning architectures e.g., CNN ,
LSTM have the lowest accuracy. Since the instances are
not enough, the embeddings trained from within this dataset
also do not help to improve accuracy. However, the results
are relatively better with pre-trained embeddings without
allowing them to train on the given data. Thus, on BET
when the embeddings are loaded while the architecture is
trained on the available data, the model, the proposed ap-
proach performs well. However, the CNN architecture could
not perform well despite using pre-trained embeddings. On
the UFN dataset, having many more instances, there is a
wider gap between the performance of traditional machine
learning and deep learning-based approaches. SVM and lo-
gistic regression which were very competitive on the BET
dataset have under-performed for the UFN dataset. While
CNN, being a deep learning approach has improved accu-
racy on the UFN dataset as compared to its accuracy on the
BET dataset. In general LSTM with ”wkn” embeddings has
the highest accuracy with competition from the traditional
machine learning approaches in the case of BET, while a
clear winner for the UFN dataset. We also experimented
with different embedding vector lengths, starting from the
default 300 dimensions. The proposed approach uses 128-
dimension embedding vectors for improved computational
efficiency with a minimal drop in accuracy. Figure 3 plots
the accuracies of the deep learning approaches using dif-
ferent embeddings. It shows an upward trend from left to
right on both datasets, where the LSTM versions are better
than the CNN. Similarly, the no embeddings, Urduhack web
news, and Urduhack Wikipedia news also show an upward
trend from left to right. The only difference is in CNNwpn

outperformed by both LSTMwbn and LSTMwpn.
The proposed approach performed well in sports, health,

politics, and other domains, however, it particularly strug-
gled in distinguishing between fake and real news in the en-
tertainment and technology domains. It indicates interesting
directions about the nature of fake and real news across do-

Table 3: Results of the proposed approach in comparison to
traditional machine learning and deep learning approaches
using different variants of Urdu embeddings on BET and
UFN datasets.

Accuracy Precision Recall F1-score
BET SVM 0.82 0.81 0.85 0.82

LR 0.0.80 0.78 0.86 0.81
DT 0.73 0.74 0.76 0.73
XGBoost 0.77 0.78 0.81 0.77
RF 0.72 0.73 0.81 0.71
CNN 0.56 0.58 0.86 0.69
LSTM 0.57 0.57 0.98 0.73
CNNwbn 0.69 0.71 0.68 0.69
LSTMwbn 0.79 0.75 0.71 0.73
CNNwkn 0.70 0.71 0.64 0.67
LSTMwkn 0.85 0.79 0.68 0.76

UFN SVM 0.68 0.66 0.68 0.66
LR 0.66 0.62 0.71 0.60
DT 0.56 0.55 0.55 0.54
XGBoost 0.68 0.65 0.70 0.64
RF 0.67 0.63 0.73 0.61
CNN 0.66 0.71 0.73 0.72
LSTM 0.70 0.74 0.69 0.72
CNNwbn 0.77 0.74 0.77 0.75
LSTMwbn 0.82 0.78 0.83 0.80
CNNwkn 0.78 0.80 0.76 0.78
LSTMwkn 0.83 0.81 0.79 0.80

mains that need further investigation.

Conclusion
Fake news harms society as more and more people use
online sources for information. Fake news detection ap-
proaches identify and intervene in fake news propagation.
Urdu fake news detection approaches are restricted by a lack
of efficient NLP tools and pre-trained models. The proposed
approach uses Urduhack to preprocess Urdu text using mul-
tiple functionalities available. Urdu embeddings are used for
presenting text as dense vectors. The proposed methodol-
ogy uses the embeddings of preprocessed text with LSTM-
based deep sequence model. The proposed approach shows
improvement by benefiting from the latest technologies with
higher accuracies on the standard Urdu fake news datasets.
Although the traditional machine learning approaches were
competitive on BET (the smaller dataset), however, as the
size, diversity in vocabulary, and size of the documents in-
creased (in the UFN dataset), the deep learning approaches
showed dominance. It shows that by developing the ba-
sic NLP tools for low-resourced languages, they can be in-
cluded to benefit from the recent improvements in machine
learning.
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