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Abstract.  

Background: The spread of misinformation on digital platforms has created a 

pressing need for effective fake news detection (FND), particularly in low-re-

source languages such as Kurdish. 

Aims: This study aimed to develop and evaluate a hybrid FastText–LSTM 

model for fake news detection in Kurdish and English, and to compare its per-

formance with traditional machine learning (ML) and deep learning (DL) ap-

proaches. 

Methodology: The Kurdish Fake News Dataset (KDFND) was preprocessed, 

balanced, and used to train multiple models, including Logistic Regression, 

SVM, Random Forest, and LSTM. The proposed hybrid model combined 

FastText embeddings with LSTM architecture and was tested on both Kurdish 

and English text. 

Results: The hybrid FastText–LSTM achieved superior accuracy, with 

94.25% for Kurdish and 92.11% for English, outperforming traditional ML 

models and standalone LSTM. Balanced data significantly improved classifi-

cation results. 

Conclusion: The hybrid FastText–LSTM model provides an effective solution 

for fake news detection in both high- and low-resource languages, establishing 

a strong baseline for Kurdish. Future work should explore transformer-based 

architectures and multilingual detection strategies. 

Keywords: Fake news detection, Machine learning, TF-IDF, Deep learning, 

Hybrid model, LSTM, FastText, Kurdish language processing. 

 

 

1. Introduction 

The modern digital era allows news to spread because so-

cial media platforms exert widespread influence. While the 

ease of access to information has democratized sharing, it has 

also created a significant challenge: the accessibility of mod-

ern platforms has facilitated the spread of false and mislead-

ing information. Misinformation breeds division and disor-

der, erodes public trust, and diminishes accountability. The 

task of separating accurate news from misleading stories has 

become essential to our everyday lives because we face a 

massive influx of news reports that often contain false infor-

mation. 

Natural Language Processing (NLP) and Artificial Intel-

ligence (AI) have made major progress on this critical task 

[1]. Researchers have developed numerous algorithms for 

fake news detection, thereby continuously increasing model 

accuracy. Undoubtedly, advancements in ML have made it 

easier to handle spam detection for high-resource languages 

(English, French, Arabic, etc.). However, it becomes consid-

erably more complex in the case of low-resource languages 

(Kurdish) [2], where completely lack data. The scarcity of 
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linguistic resources and limited research activity complicate 

fake news detection in the Kurdish language. 

Methods such as LSTM and other DL alternatives per-

formed even better, given their ability to consider sequential 

and contextual properties in text [3]. DL models, especially 

those combining word embeddings (like FastText) [4] with 

deep architectures, also offer excellent performance and have 

been applied successfully to low-resource languages such as 

Kurdish. The investigation of performance in different mod-

els for detecting fake news informs this study with the hybrid 

FastText and LSTM approach. 

The aim of this study was to evaluate the effectiveness of 

various models in detecting fabricated news articles. This was 

achieved through a series of experiments conducted on a da-

taset of fake news articles written in Kurdish. The study con-

tributes to enhancing the capacity for identifying fake news 

in the future. It employs specialized methods for detecting 

false information in both Kurdish and English, with a primary 

focus on Kurdish. Several computational models, including 

LR, MNB, RF, SVM, and others, were utilized to address this 

problem. The objective is to advance fake news detection in 

low-resource languages and to assess the effectiveness of dif-

ferent methodological approaches. 

2. Related work 

This section offers an in-depth summary of the advance-

ments in FND methodologies, focusing on various ML and 

DL techniques. 

Salh and Nabi (2023) [1] made major contributions to 

Kurdish FND by leveraging the KDFND dataset, which con-

tains a balanced collection of 100,962 news articles. How-

ever, the specifics of the classifiers employed and their per-

formance metrics were not disclosed, leaving a gap in under-

standing their effectiveness. On a more specialized level, 

Azad et al. (2021) [2] utilized an SVM for fake news classi-

fication in the Kurd Fake dataset. 

They recorded commendable perfor-

mance with 88.71% accuracy, which was complemented  by 

the  88.71% precision,  recall, and F1 scores.  This 

study demonstrates the potential of traditional ML ap-

proaches in alleviating the challenges associated with low-re-

source languages such as Kurdish. 

San Ahmed (2023) [5] took a more advanced approach 

by proposing a hard-voting ensemble technique that uti-

lized SVM, NB, and DT classifiers. The novel approach 

yielded better results, as observed in 89.87% accuracy, 

88.08% precision, 90.36% recall, and 89.11% F1-score. The 

findings demonstrate the effectiveness of ensemble tech-

niques in boosting classification performance. 

Sheikh et al. (2024) [6] made a contribution to the litera-

ture by conducting a comparative assessment with LR, 

achieving a very high accuracy of 96.87%. Its model also rec-

orded the identical values of precision, recall, and F1-score, 

demonstrating its strong classification performance. 

While most articles examined multiple ML and 

DL methods, some do not present explicit performance fig-

ures or data set details, and therefore comparison is difficult. 

Research by Bussa et al. (2023) [3], Ahmadi (2020) [7], and 

Taher et al. (2022) [8] addressed text processing techniques 

and classification algorithms but did not provide explicit 

evaluation metrics. Likewise, research by Hu et al. (2022) [9], 

Sadiq et al. (2023) [10], and Prachi et al. (2022) [11] exam-

ined DL techniques but did not have reported accuracy, pre-

cision, recall, or F1 scores. 

More recent studies have also considered hybrid models, 

as found in the literature of Camelia and Fahim (2024) [12], 

Hashmi et al. (2024) [13], and Abdul et al. (2024) [14]. These 

publications describe the merging of conventional ML meth-

ods with DL structures to improve classification accuracy. 

However, similar to previous studies, there is no mention of 

performance measurements or dataset descriptions. 

Recent advances in Transformer-based architectures, 

such as BERT, RoBERTa, and XLM-RoBERTa, have signif-

icantly improved the performance of natural language pro-

cessing (NLP) tasks across a wide range of applications. 

These models leverage deep contextual representations and 

attention mechanisms to capture long-range dependencies in 

text more effectively than traditional methods. In particular, 

their multilingual and cross-lingual variants have demon-

strated strong potential for fake news detection in diverse lin-

guistic settings. Although this study primarily focuses on 

FastText and LSTM, incorporating Transformer-based mod-

els into future research may lead to further gains, especially 

for low-resource languages like Kurdish. For example, Sara-

vanan et al. [4] employed a hybrid BERT-FastText model for 

depression detection, showcasing the synergy between pre-

trained transformers and subword embeddings. Similarly, 

Hashmi et al. [13] explored hybrid and explainable AI ap-

proaches for multilingual fake news detection, achieving high 

accuracy. Moreover, Hu et al. [9] provide a comprehensive 

overview of DL methods for fake news detection, highlight-

ing the transformative impact of Transformer architectures. 

Therefore, exploring such models represents a promising di-

rection for expanding this work. Table 1 presents a compara-

tive analysis of existing studies on fake news detection, out-

lining their focus areas, applied methodologies, and the cor-

responding research gaps. 

Table 1: Comparative Analysis of Related Works in Fake News Detection 

Ref Focus Area Methodology Identified Gaps 

[1] Kurdish FND 
Utilizes 

KDFND dataset 

Lacks specifics on classifiers and performance metrics 

 

[2] 

Fake News Clas-

sification 

 

SVM 
Limited to SVM; lacks comparative analysis with other 

models 

[5] 
Ensemble Tech-

niques 

Hard Voting 

with SVM, NB, 

DT 

No exploration of other ensemble methods or hybrid mod-

els 

 



 

3 

CJNST 2025, Vol. 0, Issue 1, pp. 1–11 

[6] 
Comparative As-

sessment 
LR Does not compare with other ML models or datasets 

[3], [7], [8] 

Text Processing 

Techniques 

 

Various algo-

rithms 
Lack of performance metrics hinders comparative analysis 

[9], [10], [11] DL Techniques 
Various DL 

models 

Absence of performance data limits understanding of effec-

tiveness 

 

[12], [13], [14] Hybrid Models 
Combination 

of ML and DL 

No performance measurements or dataset descriptions pro-

vided 

 

 

These gaps provide opportunities for future work to in-

vestigate alternative approaches, improve reporting trans-

parency, and create hybrid models that successfully com-

bine the best of conventional and contemporary ML tech-

niques. 

Several research gaps remain in this study. First, while 

the focus is on Kurdish and English, other low-resource lan-

guages remain underrepresented. Expanding the scope to 

include additional low-resource languages would enhance 

the generalizability of the findings. Second, although the 

KDFND dataset [15] is balanced, its relatively small size 

compared to datasets available for high-resource languages, 

such as English, may constrain the generalizability and ro-

bustness of the results. 

3. The proposed model and experimental 

setup  

3.1. Dataset  

The KDFND [15] dataset consists of key attributes that 

facilitate the analysis and classification of Kurdish-lan-

guage news articles into real or fake categories. The break-

down of the dataset is as shown in table 2. 

Table 2: Summary of Attributes in the Kurdish Fake News Da-

taset (KDFND) 

Attribute Count 

ID 90,905 

Text 100,961 

Text Translated to English 100,411 

URL 100,800 

Date 12 

Source 103 

Label 5 

Unnamed Column 3 

 

The dataset is filtered, cleaned, and labeled to ensure 

high-quality data for analysis. The primary focus is on the 

Text column, which contains the original Kurdish news ar-

ticles, and the label column, among which 50,211 are fake 

and 50,751 are real news labeled as Fake and Real [1].  The 

classification of the article is either "Real" (0) or "Fake" (1). 

3.2. Data Preprocessing Steps 

Several preprocessing steps were applied to the dataset 

to ensure its cleanliness, balance, and suitability for ML al-

gorithms. These steps are described below: 

 

3.2.1. Removing Duplicates and Null Values: 

Duplicate records were identified and removed to pre-

vent redundancy. Dropped null values in the critical text and 

the English-translated text columns to maintain data integ-

rity. 

3.2.2. Balancing the Dataset: 

The dataset initially exhibited class imbalance, with the 

majority of articles labeled as "Real." To address this, the 

majority class was “undersampled” to match the size of the 

minority "Fake" class, following the methodology of [14]. 

The balanced dataset was shuffled to minimize the influence 

of ordering bias during model training, as suggested in [5]. 

After preprocessing, the dataset was balanced to ensure 

equal representation of real and fake news articles. Below, 

Table 3 displays the balanced class distribution. 

Table 3: Class Distribution in the Balanced Kurdish Fake News 

Dataset 

Label Count 

0 (Real) 50210 

1 (Fake) 50210 

 

To create a dataset conducive to unbiased model train-

ing, performed balancing via “undersampling” of the ma-

jority class, following best practices from [2] and [3]. Con-

sider Figure 1. 
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Figure 1: Balanced Labels of Dataset 

 

This process is essential for improving model perfor-

mance, and achieved better stability compared to the imbal-

ance of a (3 -7) degree increase. 

Table 4 presents the accuracy performance of various 

ML algorithms for Kurdish and English FND on imbal-

anced and balanced datasets. The models evaluated include 

LR, MNB, SGD, RF, SVM, and LSTM. 

 

Table 4: Accuracy Comparison of Machine Learning Models on 

Balanced vs. Imbalanced Datasets (Kurdish and English) 

Algo. 

Imbalanced Balanced 

Kurdish 

Accuracy 

English 

Accuracy 

Kurdish 

Accuracy 

English 

Accuracy 

LR 81.20 79.15 83.31 79.15 

MNB 79.66 76.63 82.49 76.63 

SGD 79.67 78.06 81.41 78.06 

RF 81.11 79.63 87.43 79.63 

SVM 75.20 76.63 76.36 76.63 

LSTM 83.50 79.91 87.70 84.32 

 

3.2.3. Tokenization and Stopword Removal: 

Tokenization was performed to split the text into indi-

vidual words. Removed Kurdish stopwords and punctua-

tion, including frequently occurring words that did not con-

tribute to classification. 

Tokenization splits text into discrete units (words, sub-

words, or characters). The process of tokenization, which is 

algorithmic rather than purely mathematical, yields the fol-

lowing output: 

𝑇𝑜𝑘𝑒𝑛𝑖𝑧𝑒𝑑 𝑆𝑒𝑞𝑢𝑒𝑛𝑐𝑒:  𝑆 = [𝑤1, 𝑤2, … , 𝑤𝑛]  ----------- (1) 

where wi is the i-th token in the sequence. 

For subword tokenization (used in FastText), each 

word wi is further split into character n-grams (e.g., for "ap-

ple" with n=3: '<ap', 'app', 'ppl', 

'ple', 'le>'). 

The stopword list included commonly used Kurdish 

terms (e.g., "لە" "بە,"   and punctuation symbols, as ("ئەو," 

guided by [7] and [11]. A frequency analysis of the Kurdish-

language text revealed the most common words, many of 

which were identified as stopwords. These were removed to 

improve model performance. Additionally, rare words and 

outliers were examined to ensure they did not dispropor-

tionately affect the classification task. 

3.2.4. Text Processing: 

Irrelevant elements such as URLs, special characters, 

and numeric values were removed through regular expres-

sions. Articles were stripped of extra spaces, and any result-

ing empty rows were eliminated. 

3.2.5. Word Embedding and Representation: 

Prepared the dataset for DL models by utilizing 

FastText embeddings to effectively capture word semantics. 

This functionality, like Glove embeddings have been shown 

to enhance NLP tasks, particularly in low-resource lan-

guages [9], [13]. The vocabulary size of the dataset was cal-

culated. Assigned zero vectors to words not present in the 

embedding index to ensure compatibility with downstream 

deep-learning models. This embedding approach aligns 

with recent advancements in leveraging pre-trained word 

vectors for low-resource languages [8], [16]. 

GloVe Embeddings: GloVe learns embeddings by 

factorizing a word co-occurrence matrix. The objective 

function is 

𝐽 = ∑ 𝑓(𝑋𝑖𝑗)𝑣
𝑖,𝑗=1 (𝒘𝒊

𝑻𝒘́𝑗 + 𝑏𝑖 + 𝑏́𝑗 − 𝑙𝑜𝑔𝑋𝑖𝑗)2 --------- (2) 

where: 

• Xij = co-occurrence count of words i and j. 

• f(Xij) = weighting function (dampens rare/ frequent 

pairs). 

• 𝒘i, 𝒘́𝑗 = target and context embeddings. 

• 𝑏𝑖, 𝑏́𝑗 = bias terms. 

4. The proposed model 

4.1. Machine Learning Models (MNB, LR, SVM, 

RF, and SGD) 

The study implements several traditional ML models, 

including “MNB, LR, SVM, RF, and SGD,” for the task of 

Kurdish-language FND. Split the dataset into training 

(80%) and testing (20%) sets to evaluate the model on un-

seen data. The labels are converted to integers to facilitate 

model training and evaluation. 

Construct a pipeline for each model, which incorporates 

text vectorization using "CountVectorizer," transformation 

using TF-IDF [17], [18] Transformer, and the correspond-

ing ML algorithm. 

TF-IDF (Term Frequency-Inverse Document Fre-

quency): Used for text vectorization in ML models 
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𝑇𝐹 − 𝐼𝐷𝐹(𝑡, 𝑑) = 𝑇𝐹(𝑡, 𝑑) × 𝐼𝐷𝐹(𝑡) ---------------- (3) 

𝐼𝐷𝐹(𝑡) = 𝑙𝑜𝑔 (
𝑁

𝐷𝐹(𝑡)
)  ----------------------------------- (4) 

CountVectorizer: converts text into a document-term 

matrix where each entry represents the frequency of a term 

in a document 

 

𝑋𝑖𝑗 = 𝑐𝑜𝑢𝑛𝑡 𝑜𝑓 𝑡𝑒𝑟𝑚 𝑡𝑗 𝑖𝑛 𝑑𝑜𝑐𝑢𝑚𝑒𝑛𝑡 𝑑𝑖 --------------- (5) 

where: 

• TF(t,d) is the frequency of term t in document d. 

• N being the total number of documents, and DF(t) the 

number of documents containing term t. 

• Vocabulary: V={t1, t2,…,tm} be the set of unique terms 

in the corpus. 

• Output: A sparse matrix, where n is the number of docu-

ments and mm is the size of V. 

The pipeline ensures that the text data is preprocessed 

and transformed into a numeric format suitable for the 

model. The models are trained separately on the training 

data and predicted on the test data. The performance of the 

models is gauged using a classification report, which is ac-

curacy. These metrics provide an overall assessment of the 

model in separating real and fake news articles correctly. 

 Use of conventional ML models is adequately evi-

denced in the current literature, e.g., the research of [1] and 

[2], which showed the performance of such models in 

Kurdish-language FND. Having more than one model facil-

itates comparison, as noted by [5], who emphasized the use-

fulness of ensemble techniques in enhancing detection ac-

curacy. 

4.2. LSTM Model 

An LSTM network is built with the help of the Keras 

library to learn sequential patterns in text data. Text se-

quences are padded or truncated to a standard length of 100 

tokens so that input shapes are standardized. Data is di-

vided into training and validation sets, and labels are trans-

formed into NumPy arrays of type float32 so that 

they are model-compatible. 

  
The LSTM-only model uses GloVe embeddings, while 

the hybrid model uses FastText embeddings, aligned with 

the paper's main contribution. The model was trained using 

an 80/20 train-test split, a batch size of 64, and trained for 5 

epochs with early stopping. A dense layer with a sigmoid 

activation function is used for binary classification. The 

model is compiled using binary cross-entropy loss and the 

Adam optimizer, with accuracy as the evaluation metric. 

Binary Cross-Entropy Loss: Used for training the 

LSTM and hybrid models 

𝐿(𝑦, 𝑦̂) = −
1

𝑁
∑ 𝑦𝑖

𝑁
𝑖=1 𝑙𝑜𝑔(𝑦̂𝑖) + (1 − 𝑦

𝑖
)𝑙𝑜𝑔(1 − 𝑦̂𝑖)] -(6) 

Adam Optimizer Update Rule: Used for model training  

 

𝜃𝑡 + 1 = 𝜃𝑡 − 𝜂 ⋅
𝑚̂𝑡

√𝑣̂𝑡+∈
 ---------------------------------(7) 

Where 

•  𝑚̂𝑡  and 𝑣̂𝑡 are bias-corrected estimates of the first and 

second moments of gradients, and η is the learning rate. 

•  𝑦𝑖  is the true label and 𝑦̂𝑖 is the predicted probability. 

Early stopping and learning rate reduction callbacks are 

implemented to optimize training. Early stopping monitors 

validation loss and restores the best model weights, while 

the learning rate scheduler reduces the learning rate when 

validation loss plateaus. The model was trained for 10 

epochs with a batch size of 64 and evaluate its performance 

on the validation set. Report the validation accuracy as a 

measure of the model's performance. 

The use of LSTM for FND is supported by research 

such as that of [12], who demonstrated the effectiveness of 

LSTM in capturing contextual information in text. The in-

tegration of pre-trained embeddings aligns with the findings 

of [9], who emphasized the importance of leveraging pre-

trained representations for improved performance in low-

resource languages like Kurdish. 

For the LSTM layer: 

𝑓𝑡 = 𝜎(𝑊𝑓 ⋅ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑓) --------------------- (8) 

𝑖𝑡 = 𝜎(𝑊𝑖 ⋅ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑖) ---------------------- (9) 

𝐶̂𝑡 = 𝑡𝑎𝑛ℎ (𝑊𝑐 ⋅ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑐) ---------------- (10) 

𝐶𝑡 = 𝑓𝑡 ⊙ 𝐶𝑡−1 + 𝑖𝑡 ⊙ 𝐶̂𝑡 ------------------------- (11) 

𝑜𝑡 = 𝜎(𝑊𝑜 ⋅ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑜) ---------------------- (12) 

ℎ𝑡 = 𝑜𝑡 ⊙ 𝑡𝑎𝑛ℎ (𝐶𝑡) ------------------------------- (13) 

where ft, it, ot are forget, input, and output gates; Ct is 

the cell state; and ht is the hidden state. 

4.3. FastText Model 

Employ the FastText model for FND, leveraging its 

ability to handle subword information and n-grams. Prepro-

cess the data by adding the label to the text in the FastText 

training compatible format [19]. The data is divided into 

training and test datasets, and the training data is stored in a 

text file in FastText input format. 

Train the "FastText" model using the "train_super-

vised" function with a learning rate of 0.5, 25 epochs, and 

word n-grams of dimension 2. The hyperparameters are se-

lected to balance the complexity of the model and the train-

ing time. Test the model's performance on the test dataset 

and calculate evaluation measures such as precision, recall, 

and F1-score. The F1-score, which provides a balance be-

tween precision and recall, is of special concern for imbal-

anced datasets like FND. 

The research conducted by sources [8] and [10] vali-

dates the use of "FastText," as these studies demonstrated 

its effectiveness in text classification, including various ap-

plications.ng FND. The use of n-grams allows the model to 

capture local word order and context, which is crucial in 

distinguishing between fake and real news. 
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FastText Embeddings: FastText represents each 

word as the sum of its subword (character n-gram) embed-

dings. For a word w with subwords {g1, g2, …, gk} 

  𝐸𝑚𝑏𝑒𝑑𝑑𝑖𝑛𝑔(𝑤) = ∑ 𝒗𝑔𝑗𝑘
𝑗−1  -------------------------- (14) 

where vgj is the embedding vector for subword gj. 

• Training: Optimizes the skip-gram or CBOW objective 

(negative sampling or hierarchical softmax). 

4.4. Hybrid FastText & LSTM Model 

4.4.1. Data Preprocessing: 

The data is preprocessed to make it compatible with 

FastText. Add the labels to the text, using "__label__0" for 

the real news case and "__label__1" for the fake news case. 

The data is divided into a training dataset and a testing da-

taset, and the training data is stored in a text file in FastText 

input format. This step is performed for enabling the 

FastText model to learn useful representations from the text 

data.  

 

4.4.2. FastText Vectorization: 

Train a FastText model using the pre-processed train-

ing data. FastText's subword information and n-gram sup-

port make it especially suitable for morphologically rich 

languages such as Kurdish. Sentence-level embeddings are 

created for every article using the trained FastText 

model.  The embeddings encapsulate the semantic meaning 

of the text and are used as input features to the LSTM 

model. 

 

4.4.3. Text Tokenization and Padding: 

The text is tokenized by a tokenizer, which splits words 

into sequences of integers. Sequences are padded to a con-

stant length to provide the LSTM model with fixed input 

shapes. Padding is required since LSTM needs fixed-length 

input sequences. 

4.4.4. Embedding Matrix Construction: 

FastText word vectors are then used to build an em-

bedding matrix for the tokenized vocabulary. The matrix 

is a mapping of each word in the vocabulary to its FastText 

vector. The embedding layer initialized with FastText vec-

tors is frozen during LSTM training to retain pre-trained 

subword features. 

Embedding Matrix Construction: For a vocabu-

lary V and embedding dimension d, the embedding ma-

trix 𝑬 ∈ 𝑹∣𝑽∣×𝒅 is: 

𝐸 = [

𝒗𝑤1  
𝒗𝑤2

⋮
  𝒗𝒘|𝒗|

]       -------------------------------------- (15) 

where vwi is the pre-trained embedding (from 

FastText/GloVe) for word wi. Words not in the pre-trained 

vocabulary are typically mapped to a zero vector or a ran-

dom vector. 

Hybrid FastText-LSTM Embedding Input: The input to 

the LSTM is a sequence of FastText embeddings for each 

token 

𝐼𝑛𝑝𝑢𝑡 𝑆𝑒𝑞𝑢𝑒𝑛𝑐𝑒:  [𝐸𝑚𝑏𝑒𝑑𝑑𝑖𝑛𝑔(𝑤1

), 𝐸𝑚𝑏𝑒𝑑𝑑𝑖𝑛𝑔(𝑤2), … , 𝐸𝑚𝑏𝑒𝑑𝑑𝑖𝑛𝑔(𝑤𝑛)] ------- (16) 

where Embedding(wi) is the FastText vector for to-

ken wi. 

4.4.5. Hybrid Model Architecture: 

 
The hybrid model comprises an embedding layer ini-

tialized with the "FastText" embedding matrix. 

followed by LSTM layers and dropout for regulariza-

tion. The LSTM layers learn sequential dependencies in the 

text data, and the dropout layers avoid overfitting. Binary 

classification is done through dense layers with ReLU and 

sigmoid activations. The model was trained using an 80/20 

train-test split, a batch size of 64, and 5 epochs, employing 

early stopping and the Adam optimizer with binary cross-

entropy loss, using accuracy as the measure. Figure 2 shows 

the structure of hybrid FastText and LSTM. 

 

 
 

Figure 2: Hybrid FastText-LSTM for Fake News Detection 

4.4.6. Model Training and Evaluation: 

The model is trained for 3 epochs on the padded se-

quences in batches of 64. Early stopping can be added and 

learning rate reduction callbacks for improved training. 
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Evaluate the model based on its accuracy, F1-score, preci-

sion, and recall. These scores provide a general no-

tion about how well the model detects real and fake news 

articles. 

4.5. Pseudocode of the Hybrid FastText-LSTM 

model 

Steps Explained: 

1. Preprocessing (Aligned with Section 3.2): 

• Noise removal, tokenization, and stopword filtering for 

Kurdish and English. 

• Dataset balancing (undersampling) to address class im-

balance. 

2. FastText Embeddings (Aligned with Section 4.3): 

• Trains FastText on the corpus to capture subword seman-

tics (critical for Kurdish). 

• Generates sentence embeddings by averaging word/sub-

word vectors. 

3. LSTM Architecture (Aligned with Section 4.4): 

• Input: 100-dim FastText embeddings. 

• LSTM layer (128 units) + Dropout for regularization. 

• Sigmoid output for binary classification 

(Real=0/Fake=1). 

4. Evaluation: 

• Reports accuracy (primary metric in the paper). 

• Supports precision/recall/F1 (Table 6 and Table 7) if 

needed. Pseudocode: Hybrid FastText-LSTM Model 

 
 

4.6. References Results 

 
Table 5 is a comparison between different FND models, 

which have been tested on several different datasets and lan-

guages. It shows the accuracy, precision, recall, and F1 

score of each method, along with some extra remarks con-

cerning the method used. 

4.6.1.  Kurdish FND: 

• CNN (Ref. [1]) achieves 91.60% accuracy on the 

KDFND, using a DL-based approach. 

• SVM (Ref. [2]) performs at 88.71% accuracy on the 

KurdFake dataset, showcasing a traditional machine-

learning approach for low-resource languages like Kurd-

ish. 

• Hard Voting (SVM + DT + NB) (Ref. [5]) improves per-

formance with an accuracy of 89.87%, leveraging an en-

semble approach. 

4.6.2.  Arabic FND: 

FastText + DL (Ref. [8]) achieves 94.1% accuracy on 

an Arabic Fake News Dataset (Kaggle), demonstrating the 

effectiveness of word embeddings combined with DL. 
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4.6.3.  English and General FND: 

• FastText + DL (CNN) (Ref. [10]) applied to the Twitter 

Deepfake Dataset (TDD) attains 93.3% accuracy, show-

casing its strength in detecting machine-generated 

tweets. 

• LSTM (Ref. [12]) on the Fake News Challenge (FNC) 

Dataset achieves 97% accuracy, showing the potential of 

sequence-based DL for textual analysis. 

• Logistic Regression (Ref. [6]) on the UCI Fake News 

Dataset reaches 96.87% accuracy, providing a traditional 

ML comparison against DL methods. 

• XGBoost (Ref. [14]) applied to the ISOT Fake News Da-

taset achieves 99.67% accuracy, showcasing the power 

of boosting-based ML models for FND. 

4.6.4.  Multilingual FND: 

Hybrid FastText + Explainable AI (Ref. [13]) leverages 

data from multiple prominent sources (Kaggle, McIntire, 

Reuters, and BuzzFeed Political), achieving a remarkable 

99% accuracy across multiple languages. This emphasizes 

the possible advantages of hybrid AI models with explaina-

bility in FND. 

Table 5: Cross-Language Model Comparison Based on Existing Studies 

Ref. Model/Method Dataset Language 
Accu-

racy 
Precision Recall 

F1-

Score 
Remarks 

[1] CNN KDFND Kurdish 91.60% 93.68% 97.34% 95.47% 

Evaluated on 

Kurdish dataset 

using traditional 

ML models. 

[2] SVM 
KurdFake 

(Kaggle) 

 

Kurdish 
88.71% 88.72% 88.71% 88.71% 

Focused on low-

resource Kurdish 

language. 

[5] 

Hard Voting 

(SVM + DT + 

1NB) 

KurdFake 

(Kaggle) 

 

Kurdish 
89.87% 88.76% 90.36% 89.55% 

Ensemble ap-

proach for Kurd-

ish FND. 

[6] LR 
UCI Fake 

News Dataset 
English 96.87% 96.95% 96.83% 96.85% 

Comparative 

study of Naive 

Bayes and Lo-

gistic Regression 

for fake news. 

[8] FastText + DL 

Arabic Fake 

News Da-

taset 

(Kaggle) 
 

Arabic 94.1% 93.8% 94.3% 94.0% 

Combined 

FastText embed-

dings with DL for 

Arabic fake news. 

[10] 
FastText + DL 

(CNN) 

Twitter Deep-

fake Dataset 

(TDD) 

English 93.3% 94.9% 95.5% 95.2% 

Used FastText 

embeddings for 

detecting ma-

chine-generated 

tweets. 

[12] LSTM 

Fake News 

Challenge 

(FNC) Dataset 

English 97% 97% 98% 98% 
Regularized 

LSTM for FND. 

[13] 

Hybrid FastText 

+ Explainable 

AI 

combined data 

from four 

prominent 

news datasets, 

including 

those from 

Kaggle, McIn-

tire, Reuters, 

and BuzzFeed 

Political 

Multilin-

gual 
99% 99% 99% 99% 

Advanced hybrid 

model with ex-

plainable AI for 

improved perfor-

mance. 
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[14] ML (XGBoost) 
ISOT Fake 

News Dataset 
English 99.67% 99.45% 99.84% 99.64% 

Comparative 

study of ML tech-

niques for FND. 

 

 

5.  Discussion of Findings 

Table 6 reports the results on the imbalanced dataset, 

while Table 7 presents the performance metrics on the bal-

anced dataset of a hybrid FastText and LSTM model for 

FND using the Kurdish Fake News Dataset (KDFND). The 

model is evaluated separately for Kurdish and English texts, 

and its effectiveness is measured using accuracy, F1-score, 

precision, and recall. For Kurdish text, the model achieves 

(94.25%) accuracy for balanced and (91.42%) for imbal-

anced, indicating a high overall correctness in classification. 

For English text, the model performs slightly lower but is 

still effectively balanced (92.11%) and imbalanced 

(89.03%) with accuracy. 

The results indicate that the FastText and LSTM hybrid 

model performs slightly better for Kurdish text compared to 

English, demonstrating its effectiveness in handling FND in 

a low-resource language like Kurdish. 

Accuracy and F1-Score Reported in performance met-

rics (Table 6 and Table 7): 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝐶𝑜𝑟𝑟𝑒𝑐𝑡 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠

𝑇𝑜𝑡𝑎𝑙 𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠
=

𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
 --

------- (17) 

 

𝐹1 = 2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛×𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
 ---------------------------------- (18) 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
 ----------------------------------------- (19) 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
 --------------------------------------------- (20) 

Where: 

• TP (True Positives): Correctly predicted "Fake" news. 

• TN (True Negatives): Correctly predicted "Real" news. 

• FP (False Positives): "Real" news incorrectly predicted 

as "Fake". 

• FN (False Negatives): "Fake" news incorrectly predicted 

as "Real". 

 

Table 6: Performance Metrics of Hybrid FastText-LSTM Model on Imbalanced KDFND Dataset 

Model/Method Dataset Language Accuracy Precision Recall F1-Score 

FastText and LSTM KDFND 
Kurdish 91.42% 88.68% 94.85% 91.66% 

English 89.03% 85.32% 94.14% 89.51% 

 

Table 7: Performance Metrics of Hybrid FastText-LSTM Model on Balanced KDFND Dataset 

 

The Hybrid FastText + LSTM model outperforms pre-

vious Kurdish-specific models (e.g., CNN by Salh & Nabi 

(2023) [1] and SVM by Azad et al. (2021) [12]) with an 

accuracy of 94.25%, compared to 91.60% and 88.71%, re-

spectively. A direct comparison with the work of Salh and 

Nabi [1], who also utilized the Kurdish Fake News Dataset 

(KDFND), highlights the advancements made in the current 

study. While their approach involved traditional ML tech-

niques without reporting specific classifier types or detailed 

evaluation metrics, they achieved a respectable accuracy of 

91.60% using DL. In contrast, our hybrid FastText-LSTM 

model applied to the same KDFND dataset achieved a 

higher accuracy of 94.25% on the balanced version and 

91.42% on the imbalanced version. Additionally, our model 

reports comprehensive performance metrics, including pre-

cision, recall, and F1-score, offering a more thorough eval-

uation. The inclusion of FastText embeddings, which 

capture subword information, combined with LSTM’s abil-

ity to model sequential dependencies, contributes to this im-

proved performance. This comparison demonstrates the ef-

fectiveness of hybrid DL approaches over conventional or 

standalone methods for fake news detection in low-resource 

languages such as Kurdish. 

The hybrid approach (FastText + LSTM) shows supe-

rior performance compared to traditional ML models (e.g., 

SVM, LR) and even some DL models (e.g., CNN) in both 

Kurdish and English datasets. While the study by Hashmi et 

al. (2024) [13] achieves a remarkable 99% accuracy across 

multiple languages using a hybrid model with understanda-

ble AI, it focuses more on low-resource languages like 

Kurdish, achieving 94.25% accuracy, which is still compet-

itive. 

The article does not explore transformer-based archi-

tectures (e.g., BERT, XLM-RoBERTa), which have shown 

Model/Method Dataset Language Accuracy Precision Recall F1-Score 

FastText and LSTM KDFND 
Kurdish 94.25% 95.47% 92.91% 94.17% 

English 92.11% 92.35% 91.83% 92.09% 
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higher accuracy in other studies (e.g., 97% for LSTM in 

English by Camelia & Fahim (2024) [12]). 

The KDFND dataset used is smaller compared to da-

tasets used in other studies (e.g., ISOT Fake News Dataset), 

which may affect the generalizability of the results. 

5.1. Findings 

1. DL vs. Traditional ML: DL models, particularly LSTM 

and CNN, outperform traditional ML models due to their 

ability to capture long-term dependencies and contextual 

relationships in text. 

2. Balanced data: Data balancing is a crucial process for de-

tecting fake news. 

3. Effectiveness of Ensemble Learning: The HardVoting 

approach combining SVM, DT, and NV achieved better 

results than individual classifiers, confirming that en-

semble methods enhance detection performance. 

4. Hybrid Approaches and Explainability: The combination 

of FastText embeddings with LSTM improved fake news 

classification, especially in low-resource languages like 

Kurdish. The Hybrid FastText + Explainable AI model 

further demonstrated that AI-based interpretability en-

hances trust and usability. 

5. Language-Based Performance Differences: The bal-

anced FastText + LSTM model performed better for 

Kurdish (94.25%) than English (92.11%), suggesting 

that Kurdish text may contain stronger linguistic markers 

for fake news classification. 

 

5.2. Limitations and Future Work 

Recent advances in Transformer-based architectures, 

such as BERT, RoBERTa, and XLM-RoBERTa, have 

demonstrated superior performance on NLP tasks [4], [9] 

and [13]. Integrating such models for multilingual fake 

news detection, particularly in low-resource languages like 

Kurdish, remains a promising direction for future work. 

• Dataset Constraints: Some models were evaluated on 

small datasets, which might affect generalizability. 

• Language-Specific Challenges: The effectiveness of 

word embeddings varies across languages, requiring fur-

ther improvements in morphologically rich languages 

like Kurdish. 

• Computational Costs: DL models require high computa-

tional resources, which can be a limitation for real-time 

applications. 

Future research could explore transformer-based archi-

tectures (e.g., BERT, XLM-RoBERTa) and multilingual 

FND techniques to improve performance across diverse da-

tasets and languages. 

6. Conclusion 

This research evaluated the performance of various ML 

and DL models in detecting fake news, with a focus on 

Kurdish and English.  It was found that balanced data and 

certain programs, particularly those known as LSTM and a 

combination of FastText and LSTM, performed signifi-

cantly better than older programs. The FastText and LSTM 

combo scored a 94.25% accuracy rate for Kurdish and 

92.11% for English. This study proves it's good at sorting 

out fake news even when there isn't much language resource 

available. But there are still some issues to resolve. For ex-

ample, there isn't enough data available, some languages are 

more complex than others, and it costs a lot to run these pro-

grams. Future work will focus on exploring the use of trans-

former-based programs (such as BERT and XLM-RoB-

ERTa) or methods capable of detecting fake news in multi-

ple languages to improve performance across various da-

tasets. This research gives a strong start to catching fake 

news in languages that don't have many resources. It also 

points out the benefits of using DL and mixed methods to 

classify pieces of text. 
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