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ABSTRACT
KEYWORDS:
text classification, Fake
news detection,
optimization, deep media. Thus, it becomes very difficult to differentiate real news from fake ones
learning, machine
learning.

In today’s world, technology has facilitated the publication of fake news on social

particularly in low-resourced languages such as Kurdish. Therefore, in this study, the
author bridges this gap by proposing a hybrid deep learning model named “ACO-CNN”
that can effectively recognize false news. The hybrid approach includes the Ant
Colony Optimization (ACO) that has been utilized to optimize the Convolutional Neural
Network (CNN) hyperparameters to enhance its capabilities to successfully detect
fake news. The proposed method was evaluated against the state-of-the-art methods
that were incorporated for the same purpose including, Support Vector Machine
(SVM), Naive Bayes (NB), Random Forest, (RF) and Decision Tree (DT) using two
existing benchmark fake news dataset namely “KurdFake” and “KDFND”. Our
experimental results indicate that the ACO-CNN outperformed other approaches in
terms of F1-score on both datasets. This work heavily contributes to the Kurdish
Natural Language Processing (NLP) field and the development of effective deep

learned based fake news detection tools for under-resourced languages.
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1.Introduction

Technological revolution has transformed many
areas of life. One of the areas that was impacted
by it is news dissemination. Previously, people
purchased magazines or tuned to news channels
to acquire daily news. However, people currently
obtain their news from social platforms such as
Facebook and X (previously known as Twitter).
This is because the news on these platforms is
more timely and cheaper than traditional news
media. Moreover, the platforms provide the
opportunity to news seekers to voice their
concern and share and comment their ideas with
other news readers (Shu et al, 2017).
Consequently, online users share fake news for
political gains and financial success, which
ultimately impacts the public opinion in a
negative way by misleading others (Jardaneh et
al., 2019).

The US election in 2016 serves as the defining
moment for scholars to deem fake news as
dangerous issue Fake news played major role
causing major conflicts among political parties
(Horne and Adali, 2017). Additionally, it easily
misled and swayed voters by publishing
untruthful news about political opponents. Sadly,
the online facts checking systems are time
consuming as they require human efforts to
skillfully detect false claims and remove them
from internet. Moreover, the systems place a
great deal of emphasis on verifying the political
news, neglecting the other political news and
other false information that are rapidly shared on
social media (Zhang and Ghorbani, 2020). There
are several factors that cause fake news
detection to be challenging. First, verifying the
suspicious news and seeking evidence to the
validate the news requires a lot of time. Second,
the number of reliable sources to fact check
news are limited. Finally, social media content
contains noise and lack sufficient information to
prove the news. These factors heavily influenced
and declined the number of studies conducted in
this area, particularly in low-resourced
languages.

Kurdish language is an Indo-European language
that are largely spoken in northern Iraq, Syria,
eastern Turkey and western Iran. It has around
30-40 million users (Badawi et al., 2023). The
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detection of fake news has been greatly studied
in other languages such as English. They have
designed effective and functional systems that
can easily block misinformation. Sadly, the
attempts on Kurdish language are scarcely
limited and require immediate investigation.

In this study, a deep learning-based model called
ACO-CNN was proposed to address this issue.
Our model utilizes the ant colony optimizer
algorithm to optimize the parameters of the
convolutional neural network (CNN) and improve
its accuracy. To evaluate the effectiveness of our
proposed method, it is compared against existing
state-of-the-art techniques for fake news
detection using two different datasets: KDFND
and KurdFake. The main contribution of this
paper include;

* An optimized ACO; This study develops an
enhanced optimization model for ACO that
autonomously adjusts CNN parameters to
maximize performance.

* Hybrid Model; The study proposes an ACO-
CNN approach that combines CNN and
optimized ACO for the optimal classification of
Kurdish fake news.

« Comparison against the State-of-the-art
models; The study not only focuses on the
proposed deep learning approach but also
includes a comparative analysis with traditional
machine learning classifiers, such as K-Nearest
Neighbors (KNN) and Naive Bayes. The
thorough experimental results demonstrate that
the ACO-CNN model surpasses the other
competing models in terms of recall, precision,
accuracy, and F1 score.

The remainder of this paper is structured as
follows: In section two, the author presents a
literature review of studies focused on fake news
detection. Section three provides a detailed
explanation of the methodology employed in this
study, including the processes of data collection
and preprocessing, as well as the proposed
method. In section four, the experimental results
will be discussed in depth. Finally, section five
concludes the study with a summary of our
findings.

2. Related Works

In this section, the author extensively examines
the research conducted on detecting fake news.
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it is worth stating that researchers utilized
machine learning techniques because of their
superiority in the domain of classifications
(Chiman Haydar Salh and Ali, 2022, Haddad,
2023). Moreover, they employed deep learning
techniques due to efficiency and low-cost
intelligent capabilities (Dana Mohammed Ali and
A.Sadeq, 2022). First, Ruchansky et al. (2017)
developed a powerful model from three models
for recognizing fake news. The first model
incorporates Recurrent Neural Network (RNN) to
study the temporal patterns of user engagement
with a given text. The second model examines
the user behavior and activity patterns and the
authors integrate these two models in third model
to distinguish between authentic and fabricated
news articles (Ruchansky, 2017). Researchers
introduced a hybrid deep learning approach that
merges CNN with Long Short-Term Memory
(LSTM) to highlight false news in tweets. The
hybrid method scored an accuracy of 82% (Ajao,
2018).

Similarly, another group of researchers designed
a method that leverages machine learning
methods to address issues faced fake news
classification such as accuracy, time delays, and
the extensive hours required to spend on
preprocessing and handling high volume of
tweets. They mined 400,000 tweets from the
popular HSpam 14 dataset. The dataset contains
150,000 spam tweets and 250,000 tweets that
were classified as non-spam. The authors
extracted lightweight features and the top 30
words by using information gain from the bag of
word model. The proposed method obtained an
impressive accuracy of 91.65% outperforming
other methods by nearly 18% (Sharma, 2020).
The main shortcoming of this study is that it deals
with tweets that are written in brief and users
neglect the attentions to grammatical sides and
punctuation, unlike news articles that are crafted
professionally.

Likewise, The researchers developed a model
that utilized the supervised machine learning
method to identify fake news in Arabic tweets.
The proposed method was a feature-based
method for representing the data that employed
user behavior, content analysis, and sentiment
analysis. The proposed method was compared
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other machine learning models and could
correctly detect fake news in Arabic tweets with
an accuracy of 76% (Jardaneh et al., 2019).
Barrir and Djeffal (2020) incorporated machine
learning based methods for identifying fake
news. The authors employed N-gram encoding
and TF-IDF as the main feature extraction tool to
extract critical features from their cleaned dataset
which contained information about the author,
article text, article source, article published data,
and their sentiments. Moreover, SVM was
employed and scored 100% in term of
recognition rate (Fatima. and Djeffal, 2020). The
main limitation of this study is that it solely
depends on feature selection on texts given the
feature sets from one method to another vary
that causes the results to be unstable.
Furthermore, the authors designed an Al tool to
recognize fake news in the Arabic language. The
tool combines multiple text vectorizations
methods and machine learning algorithms. The
core layer of the proposed model includes
merging TF-IDF with XGBoost classifier to
eliminate insignificant features and optimize the
classifier, which evidently aided the model to
achieve an accuracy score of 77.81% and an F-
score 80.42% (Thaher et al., 2021).

Amjada et al. (2021) embarked on the task of
automatically recognizing false news in the Urdu
language. They designed a dataset that
contained scraped articles from five different
domains including health, sports, business,
showbiz, and technology that each was classified
either as "fake" or "real". The authors
incorporated 60:40 split for training set and test
set and experimented with machine learning
algorithms and deep learning approaches such
as LSTM and BERT. The outcomes indicate that
logistic regression outperformed other methods
in term of F1-macro score by scoring 90%
(Amjada, 2021).

In the domain of Kurdish language, there only
two studies conducted on identifying authentic
news from false ones. The first study conducted
by Azad et al. (2021). The authors initially
developed a balanced dataset named
"KurdFake" that includes 5000 text for each class
that were sourced from Facebook pages and
Sorani Kurdish websites. They experimented on
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their dataset using five machine learning
algorithm including Logistic Regression, Naive
Bayes, Decision Tree, Support Vector Machine
(SVM), and Random Forest. The experimental
results showed that SVM achieved the highest
accuracy of 88.71 (Azad et al., 2021).

The second conducted by Salh and Nabil (2023).
Similar to the previous work, the authors
designed a large dataset named "KDFND" that
contains over 100k news articles. The authors
extensively experimented on their dataset
utilizing  various  techniques such  word
embeddings, TF-IDF, and count vectorization.
Moreover, they applied RF, SVM and CNN to
analyze the news articles. Their findings indicate
that CNN was the superior model by achieving
an notable accuracy of 95% for F1-score and an
accuracy rate of 91% (Salh and Nabi, 2023).
The amount of works conducted on separating
real news from fabricated news stresses the
pressing need for research to study this issue
from multiple perspectives for the Kurdish
language. Kurdish scholars should perform
extensive research and employ effective
strategies to tackle this issue. Hence, in this
study, the author proposes a hybrid novel deep
learning approach with the purpose of motivating
further research and developing innovative
approaches to advance Kurdish NLP in this
domain.

3. Methodology

Our methodology begins with the collection of
data for experimentation. Next, the author will
use the available tools to preprocess the data.
Once the preprocessing is complete, the data will
be trained using the proposed method. Finally,
the results obtained will be compared from the
proposed approach with those from the
benchmark method, allowing us to evaluate the
effectiveness of our methodology. Fig 1
illustrates a diagram of the proposed method.
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Figure 1: The diagram of the proposed method

3.1 Data Collection

Identifying news articles as "false" can be a
challenging and time-consuming task. It is
possible for articles to present facts selectively,
or use misleading framing while technically
stating the truth. Politics, culture, and ideology
can influence how the same information is
interpreted. However, there is a pre-collected
dataset of fake news known as the KDFND that
can streamline this process. This dataset was
compiled by researchers and is readily available
on Mendeley Data (Salh and Nabi, 2023). It
consists of news articles from various online
resources, including well-known Kurdish news
websites that are officially recognized by the
Kurdistan Journalists Syndicate. Facebook
pages were utilized as the primary source for
gathering both fake and real news. The KDFND
dataset covers news from three cities in the
Kurdistan Region of Iraq: Erbil, Sulaimani, and
Halabja. The articles are written in the Kurdish
language, specifically in the Sorani dialect. The
dataset includes 100,962 articles, categorized as
either real or fake news across several topics,
including economics, society, politics,
entertainment, health, and sports, as provided in
Table 1.
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Table 1: The number of news items in each
dataset

No. of No. of
Dataset total
Fake news | Real news
KDFND 50211 50751 100,962
KurdFake 5000 5000 10,000

The second dataset is named “KurdFake” which
was developed by Azad et al. (2021). To create
this corpus, two steps were followed. Initially, the
authors scraped 5,000 authentic news articles
from the official Kurdish news channels on
Facebook. The articles covered various
categories including, sport, technology, health,
economy and etc. However, the lack of fact-
checking websites and tools in the Kurdish
language posed a major challenges while mining
fake news contents in the second step. To
optimize time, two techniques were employed to
generate two sets of data. Set One contained
5,000 news articles from non-legitimate
Facebook pages that met specific criteria, while
Set Two included 5,000 news articles that were
automatically manipulated using a Python script
to create contradictory meanings. Both sets were
then combined with the real news articles,
resulting in a total of 10,000 annotated news
articles.
3.2. Data Preprocessing

Pre-processing is a crucial phase in machine
learning and deep learning. It helps classifiers
produce better results. From a morphological
perspective, Kurdish is a language rich in
attachments, influenced by Arabic and Persian.
Understanding these extensions can provide
insights into pronouns, plurality, and
prepositional location. However, pre-processing
presents unique challenges due to the
complexities involved in NLP for Kurdish.
Fortunately, the author utilized the KLPT toolkit
developed by Ahmadi (2020) as shown in Table
2. The libraries within KLPT assisted us with
normalization, standardization, and tokenization
(Ahmedi, 2020). It is important to note that there
are no specific libraries available for identifying
stop-words in the Kurdish language. Therefore,
the author created the stop-word lists and
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applied them to the datasets.

3.3. The Proposed Method

3.3.1. CNN Architecture

The Convolutional Neural Network (CNN)
architecture is designed to be flexible, allowing
for adjustable hyperparameters as shown in Fig
The network begins with an Embedding Layer
that transforms tokenized text sequences into
dense vectors. The output size of this layer is set
to 128, meaning each word in the sequence is
represented by a 128-dimensional vector.
Following the embedding layer, the CNN consists
of a series of Convolutional Layers. The number
and configuration of these layers are not fixed
but are determined dynamically using the ant
colony optimization algorithm. The layers
contains a ConviD and a Rectified Linear
Unit(ReLU) that serves at its activation function.
It will be connected it with a MaxPooling1D to
reduce the dimensionality of the training data
(Badawi, 2024). To prevent the model from
overfitting and vyielding incorrect results, a
dropout layer is added with a rate of (0.5). The
dropout layer is followed by a flatten layer to
reshape the output of convolutional layers into a
single layer dimension, thus subsequently
connecting it to full layers, which is then passed
through a dense layer in which it's unit values
were determined and optimized the ACO. This
layer employs a RelLU activation function,
introducing non-linearity to the network and
enhancing its ability to learn from the data.
Finally, the Output Layer of the CNN is designed
for binary classification, as there are two classes
to predict. This layer utilizes the softmax
activation function to output probabilities for each
of the two classes

In various classification tasks, CNNs have
demonstrated impressive performance. There is,
however, recent research that indicates that such
methods are prone to overfitting, rely on dataset-
specific artifacts, and tend to learn superficial
features instead of deep semantic
representations (McCoy, 2020, Lapuschkin et al.,
2019). To address these issues, the proposed
approach utilizes ACO in order to systematically
tune the CNN's hyperparameters. Using this bio-
inspired optimization technique, a wide range of
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parameter configurations is explored and chosen
for their optimal performance on a validation
dataset (llyas, 2019). Additionally, the method
employs standard preprocessing steps such as
tokenization and sequence padding to normalize
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overtraining by using early stopping. Together,
these design choices are intended to minimize
the risk of the model learning spurious patterns
as part of the training process . In general, this
method improves robustness through effective

the input data. Additionally, it prevents optimization and regularization.
Table 2: Preprocessing techniques
Processing Raw Text Translated Clean Text
Method
Emoji Removal Oladidy ) gdly AlSAds y Jiew | The black men are waiting for | usdly  Asddo,;  Jiaw
s_ta Wbia g s 34 x5 | Trump to die to marry Melanie. | Wia 9 e gl 5 Gladddy
e S A o b
Standardization Cadiy ol Ay 03> | How do you perceive that | ¢ asddiy o ey gd
image?
Normalization AL,y glie 55" | Radio Ibadan reported that so | syl olabe s gl )"
e w4038 Ui gSU | far, 38 people have fled to lran. | (Aedd s A A Ladi oSG
"G CIE g0 A "Gsilgian OlE g0 A
Stop-Words Clalali goaida \S 945 s4diy | Portrait of a security guard who | Jlubali  goaida \S  (s4diy
Removal fid s4sejia ANl §eaias | was killed by the security forces | fid  4seiia el
V258 o g0 4s4a | of Sheikh Jaahar... 1,398 0 g0 ASAn
Elongation A4 4ieiissed s " | Phew, God Knows If it weren’t A gia g
il LS)g o8 1sa | for Turkey PKK chases them | cidd LS,gi o 8L 1
Ol Jspidindd gl Uida 4s4s4y | until Istanbul. Jgidiadd U LA dsdsdy
" odlasa " oleod Ol
Ineffective "Hlhdd Currently, there is intense "G
Number fighting occurring between ISIS
AL Sl Gddw Si4d [ and the Popular Mobilization | fwed ddu S5 4
s g el Ol 4| Forces (Zab Regiment) in the | 3 Jislff oo A 258
suf A () A48 o4 | village of Khadra located in the | asdd) e4d  gadda
shal 4 Au (exa3#) | Zab district of Kirkuk city. So | (eoad#) saif 4 (@l
¢ Sy A sl (@) | far, two ISIS members have | (WV#H) saal 4 A
GLEA iela Y Uil 86 | detonated their explosives, and | sSU ¢ Sy AS# L
OIS 9 AG s 943340843 | the combat is ongoing. GwiE el Ul
", Al god Aq OIS 9 A 5 gAS jaildas
" Al g0 Ay
Punctuations ——a"# | The current price of the dollaris | N3 AL Uuwi dddeg
and Symbols o 137. 'YV
"137 $3 A b
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Figure 2: The diagram of the proposed method
3.3.2 Ant Colony

Ants are found on every continent except
Antarctica and thrive in organized colonies that
rely heavily on pheromones for communication.
These pheromones serve various purposes,
including marking paths to food, signaling danger,
and recognizing different types of ants. When an
ant discovers a food source, it secretes a
pheromone that leaves a trail back to its colony.
Other ants that encounter this food source also
contribute to the pheromone trail, creating a
network that leads back to the food. Ants
leverage the pheromone that carries the
strongest signal that leads to starting an
autocatalytic process that normally guide the
ants to detect the shortest path to the food
source. Eventually, the pheromone route
vanishes into thin air that ultimately affects its
signal and reduces its strength. Luckily, this
process assists the ants not select the old trails
that may misled them to bad food. These
behaviors by the ants follows the natural rules
that have inspired the development optimization
algorithm to exploit its capacity to find solutions
for the problems in fields of mathematics,
computer science and engineering (Dorigo et al.,
2006).
Needless to say, ACO is regarded as the
effective method that successfully and efficiently
addresses complex problems by being
implemented in multiple industrial domains.
Conversely, the traditional version of ACO has its
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own pitfalls that can hinder its capacity to yield
the optimal scores. In this paper, the author aims
to exploit the power of ACO to uncover the
optimal parameters and reduce training time for
CNN. Our works begins with optimizing ACCO
and fuses it with CNN.

The main weakness of traditional ACO is merely
dependent on the ants pheromone trails and
heuristic information guide other ants. Thus,
additional parameters is introduced that is linked
to CNN hyperparameters. The additional
parameters helps the algorithm to cover more
areas in the search space of CNN configurations
more efficiently. The edge attractiveness function
is equated as follows:

T; = (T5) - (T;) - (T7)

In the equation, T_ij denotes the level of the
pheromone on the edge of (i, j) the main heuristic
information. The pheromone level and heuristic
information is controlled by the , 3, and y.

Each ants evaluates the CNN performance on
the set of validation. The power of CNN that
determines the quality of the solution is
incorporated to finetune the trails of the
pheromone based on the standard ACO.
Moreover, the pheromone trail path is updated
for each ant to empower the CNN model by
selecting the optimal parameters. The
pheromone update rule is calculated utilizing the
below equation;

Ty =(1-p) Ty + 2
In the equation (2), p is the pheromone vanishing
rate, the amount of pheromone accumulated is Q,
and the quality of solution is indicated as S. The
modified ACO has developed to take into
account the validation performance of diverse
configurations of CNN that guarantee that
pheromone trails are continuously updated
depending on the performance of CNN on the
validation set which is measured using the below
equation;
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By updating the pheromone trails based on the
performance of CNN model configurations on the
validation set, the search is directed towards
configurations that provide better classification
accuracy. Consequently, the ACO serves as the
powerful method for tuning the CNN hypermeters
that enable effective and functional way for text
classification tasks. The chief comparison
between the standard ACO and modified ACO
presented in this study lies in the representation

of candidate solutions and the pheromone matrix.

In traditional ACO, the candidate solutions are
characterized as a series of distinct decisions.
Whilst, in the adapted ACO, the candidate
solutions represent continuous configurations of
the CNN model hyperparameters. This requires
a different approach to constructing and updating
the pheromone matrix, which guides the
exploration of the solution space. The Psudo
code for the algorithm is provided below.

Algorithm 1 ACO-CNN Algorithm

Begin
Initialize ACO-CNN parameters:
m = number of ants
k_max = maximum iterations
alpha = pheromone importance
beta = distance importance
rho = evaporation rate
Q = pheromone deposit
tau = initial pheromone matrix with value 0.1
eta = 1/distance between parameter choices
best_score = infinity
best_solution = null
Load the training data, including features and
labels.
while num_iterations < k_max do
Calculate edge attractiveness:
A = (tau”alpha) * (eta”beta)
Apply pheromone evaporation:
tau = tau * (1-rho)
for each ant in population do
Generate CNN parameters:
conv_layers =
max_conv_layers)
filters = random_choice(filter_options)

random(1,
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kernel_size =
random_choice(kernel_size options)
dense_units =
random_choice(dense_unit_options)
Build CNN architecture:
Add Embedding layer
for i = 1 to conv_layers do
Add Convi1D layer with filters,
kernel_size
Add MaxPooling1D layer
end for
Add Flatten layer
Add Dense layer with dense_units
Add Output layer
Train CNN model:
Apply early stopping
Train on training data
Calculate fitness:
score = 1 -
accuracy_on_validation_set
if score > best_score then
best solution = current_parameters
best_score = score
Update pheromone trails:
for each parameter pair (i,j) do
tauli,j] = (1-rho)*tauli,j] + Q/score
end for
end if
if time_limit_reached then
Extract optimized parameters
Return best_solution, best_score
end if
end for
end while
Extract the optimized parameters
best_solution
Build final
parameters
Compile CNN model
optimizer, metrics
Train final model
dataset
Evaluate model's performance on test set
Return optimized parameters and trained
CNN model
End.

from
CNN model with optimized
with loss function,

using complete training
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3.3.3 Classifier Evaluation

The F1 measure and accuracy are key criteria for
evaluating the outcomes of various methods.
These algorithms operate based on two possible
results for each test case, as shown in Table 3.
This table presents the label "actual," which
signifies the data prior to the application of the
classifier, and "predicting," which reflects the
data after the classifier has processed the test
instances.

In this context, TP, FP, FN, and TN represent
true positive, false positive, false negative, and
true negative classifications, respectively. "True"
indicates cases that have been correctly
classified, while "false" refers to misclassified
cases. Additionally, "positive" denotes terms
identified within a specific class, whereas
"negative" pertains to terms not associated with
that class (Saeed et al., 2024).

Table 2: Confusion Matrix

Prediction/Actual Positive Negative
Positive TP FP
Negative FN TN

2.precision .recall

f1—measure = —
precision+recall

.. TP
precision =
TP+FP
TP
recall =
TP+FN
TP+TN
accuracy = —————
TP+TN+FP+FN

4. Experiments and Results
our experiments initiates with cleaning the news
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neighbors (KNN), and Decision Tree. The author
replicated the same  parameters and
configuration as outlined in their studies.
Moreover, F1-score, accuracy, precision and
recall were selected as the main evaluation
metrics.

The author conducted the experiment by
leveraging Google Colab notebook that was
designed by google for programmers to explore
their programming codes. The notebook has both
subscription and free based model. In this study,
The author used the free based version. In the
study, The author employed libraris such as
TensorFlow, NumPy, Scikit-learn, and Pandas.
The computer which was employed to perform
evaluations equipped with an Intel Core i5 CPU,
Windows 11, and 16 Gigabytes of RAM.
Moreover, The author applied holdout techniques
that employes 80:20 split for splitting data into
train and test. For deep learning model, The
author specified the number of epochs to two to
avoid overfitting. The 5-fold cross-validation was
implemented to calculate the average value for
each evaluation metric. The results of our
experimented are shown in Tables 3 and 4.
Table 3: The evaluation metrics of each model
for the KurdFake dataset

F1-
Classifiers Accuracy Recall Precision
score
SVM 72.05 72.09 72.11 72.24
Random
83.26 83.26 83.26 83.27
Forest
Naive Bayes 66.49 66.72 66.66 66.09
Decision Tree | 82.18 82.19 82.18 82.23
ACO-CNN 92.10 92.07 90.98 92.02

Table 4. The evaluation metrics of each model
for the KDFND dataset

articles. The author performs the standard Classifiers | F1-score | Accuracy Recall Precision
preprocess including normalization, SVM 80.09 79.96 79.94 80.43
standardization, stop words removal, punctuation Random 81.17 80.36 80.36 81.6
elimination and etc. The author accomplished Forest
these by exploiting thg KLPT library designed by Naive 79.85 79.85 7950 80.00
Ahmedi 2020. Following this step, The author Bayes

lect th lar models that wer
selected the popular base models that were Decision 73.82 73.82 73.52 74.00
employed for the same purpose to compare our
proposed models against them. The base Tree
models included Support Vector Machine (SVM), | ACO-CNN | 83.47 83.24 83.13 82.97
Multinomial Naive Bayes (MNB), K-nearest
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5. Discussion

In Table 2 , numerous machine learning
algorithms were experimented the KurdFake
dataset and evaluated against one another. It
provides information about F1-score, accuracy,
recall, and precision for each model.

Experimental results indicate that ACO-CNN
method shows the highest performance across
all of the metrics as displayed in Fig 3. The
proposed method scored an F1-score of 92.10%,
an accuracy of 92.07%, a recall of 90.08%, and a
precision of 92.02%. These results denote that
ACO-CNN triumphally detects the fake news in
the KurdFake dataset, that evidently proves that
fusing ACO was successful in optimizing the
CNN parameters to generate higher accuracy. In
addition to its excellent performance, ACO-CNN
can also be attributed to its hybrid architecture,
which  combines the features extraction
capabilities of CNN with the optimization
capabilities of ACO. As a result of the ACO
algorithm, hyperparameters of the CNN, such as
the learning rate, filter sizes, and network depth,
are fine-tuned. Accordingly, an optimal
representation of features for Kurdish text
classification is achieved as a result of this
optimization.

In contrast, the RF and DT that are popular for
their success in managing non-linear relationship
perform relatively well by scoring F1-scores of
83.26% and 82.18%, respectively. The SVM and
Naive Bayes method scored lower than the tree-

based methods by achieving F1-scores of 72.05%

and 66.49%, respectively. Considering the
linguistic complexity of Kurdish text, Random
Forest offers excellent performance. This
effectiveness is likely due to the fact that it is an
ensemble decision tree, which combines multiple
decision trees in order to minimize overfitting and
enhance generalization. Based on the similar
performance of Random Forest and Decision
Trees, it appears that tree-based methods are
particularly well suited for capturing hierarchical
patterns in the detection of Kurdish fake news.
The reason for their suitability may be that they
are capable of handling both categorical and
numerical  features  derived from the
preprocessing of text. This underperformance
may be due to the simplistic assumptions made
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by these models mainly the feature independent
assumptions that causes to be less effective on
the complex nature of the KurdFake dataset.
SVMs are not as effective as they should be due
to the curse of dimensionality in high-dimensional
text feature spaces, as SVM struggles to identify
optimal hyperplanes when dealing with sparse
text representations. Additionally, the linear
kernel used in SVM may not be able to
effectively capture non-linear relationships found
in Kurdish linguistic patterns. Moreover, the
underperformance of Nave Bayes, despite there
being a strong assumption of independence
among features, emphasizes the interconnected
nature of words and phrases in Kurdish fake
news. As a result, contextual dependencies have
a significant impact on classification accuracy in
this context.

Comparison of the models
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Figure 3: Comparison of the models on
KurdFake dataset

Regarding the KDFND dataset, the ACO-CNN
bested the other methods by achieving a highest
F1-score of 83.47, a highest accuracy of 83.24,
and a highest precision of 82.97, as shown in Fig
4. These results highlight the efficiency of ACO-
CNN model in precisely classifying the news
contents in the dataset. In comparison with
KurdFake, KDFND achieved slightly lower F1-
scores (82.37% vs. 91.07%), suggesting that the
dataset presents more challenging cases or has
linguistic features that complicate classification.
This dataset contains more subtle forms of
misinformation or feature a more balanced
distribution of fake and real news, making the
classification task inherently more complex.

It is worth noting that DT scored the lowest
score in terms of F1-score, accuracy, recall, and
precision against other methods. This shows that
DT faced challenges in accurately identifying
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authentic news from fabricated new in the
KDFND dataset. On the KDFND dataset, the
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the Kurdish language.
Conclusions

Decision Tree algorithm performed poorly (73.82% The alarming increase of the dissemination of

F1-score), whereas on the KurdFake dataset, it
performed relatively well (82.18% F1-score). This
indicates that single decision trees have a
tendency to overfit, particularly when working
with complex or varied datasets. Considering this
performance gap, ensemble methods, such as
Random Forest, can provide more consistent
results between the two datasets.

Accordingly, the robustness of the proposed
approach can be demonstrated by the consistent
superiority of the ACO-CNN model across both
datasets. Compared to the other datasets, F1-
score differences of 8.7 percent (91.07% vs.
82.37%) indicate that the method is effective, but
its performance depends on the characteristics of
the datasets, including linguistic complexity,
diversity of news domains, and degree of

sophistication of the fake news patterns.
Furthermore, ACO-CNN exhibits balanced
performance across precision, recall, and F1-

score metrics, indicating that it does not suffer
from a high rate of false positives nor does it fail
to detect instances of genuine fake news. It is
essential to achieve a balance between recall
and precision when deploying the technology, as
failing to detect fake news (resulting in a low
recall) and incorrectly flagging legitimate news
(resulting in a low precision) could prove very
detrimental to society.

Comparison of the models
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Figure 4: Comparison of the models on KDFND
dataset

In short, the outcomes state that the proposed
ACO-CNN model can accurately detect fake
news on both dataset , demonstrating its success
in spotting instances of fake or genuine news in
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false news stands as the major threat that
threatens the balance of well-educated
community mainly in languages where NLP
resources are scarcely short. Therefore, in this
study, The study proposed ACO-CNN a hybrid
deep learning models that can be incorporated
for detecting and preventing the spread of the
fake news in these under-resourced languages.
The proposed model includes an optimized
version of ACO fused with CNN for finetuning the
CNN parameters and reduce the training time.
The proposed method was evaluated against the
state-of-the-art methods using two publicly
available datasets in the language. The
experimental results showed that our proposed
method outperforms other models. Future
research can study the functionality of ACO-CNN
model on other low-resourced languages and
suggest other improvements to the model.
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