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Abstract— The global demand for halal food products
continues to increase, particularly among Muslim consumers,
necessitating an efficient and accurate halal classification
system. This study proposes a deep learning-based automatic
classification approach using Bidirectional Long Short-Term
Memory (BiLSTM) to determine the halal or haram status of
a product based on its ingredient list. The system utilizes
comprehensive text preprocessing techniques such as
normalization, stopword removal, and dictionary-based term
mapping. Word representations are converted into dense
semantic vectors using word embeddings such as Word2Vec
and GloVe. A BiLSTM model is used to capture bidirectional
contextual relationships in ingredient sequences, thereby
enhancing semantic understanding. Testing results on a
dataset of 3,979 samples show that the proposed model
achieves a classification accuracy of 99.75%, outperforming
traditional machine learning methods such as Naive Bayes
and SVM. The system is proven effective in handling
ingredient ambiguity and context-based classification, and
has potential for real-world applications such as mobile-based
halal scanners. Future research can adopt attention
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mechanisms and transform-based models to
performance and interpretability.
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1. INTRODUCTION

From a religious perspective, some religions have strict
dietary rules as part of their teachings that must be adhered
to. For example, kosher rules in Judaism and halal rules in
Islam. As the global Muslim population grows, the
consumption and production of halal food is becoming an
increasingly important issue, from a religious, ethical, health,
and economic perspective.

In Arabic, "halal" means permissible, while "non-halal"
or "haram" means prohibited. Consuming halal food not only
reflects adherence to religious teachings but is also closely
related to healthy eating, animal welfare, food quality and
purity, organic food, and food safety. From an Islamic
perspective, consuming halal food contributes to the
achievement of the Sustainable Development Goals (SDGs),
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particularly SDG 2 Zero Hunger, by promoting access to safe,
nutritious, and affordable food and supporting food security
through ethical and responsible production [1]. This also
relates to SDG 4 Quality Education, as halal literacy, through
public education, school curricula, professional training, and
consumer awareness, can increase nutritional awareness,
food safety knowledge, and strengthen communities' capacity
to make wise and sustainable consumption decisions.

Essentially, all foods are halal, except those explicitly
prohibited, such as: pork products, animal carcasses, human
body parts, animals slaughtered without mentioning the name
of Allah, blood, alcoholic beverages, wine, ethyl alcohol,
canines, birds of prey with claws, and halal foods
contaminated with haram substances. Therefore, the halal
classification of food, especially processed products, is
crucial [2], [3].

One of the main challenges in ensuring the halal status of
food is the presence of additives and additives whose halal
status is ambiguous. Food additives are crucial because they
can increase a product's shelf life, nutritional value, and visual
appeal. However, some of them are sourced from ingredients
of questionable halal status or pose potential health risks. On
the other hand, European studies have shown that additives
and additives can actually reflect the quality of a food. This
demonstrates the trade-off between benefits and potential
harms.

Furthermore, the utilization dimension of global food
security now faces various challenges, such as rising obesity,
low dietary diversity, and food safety issues. Therefore, a
"healthy and sustainable diet" approach is implemented that
meets four main criteria:

e Quantity: sufficient energy to maintain life and an ideal
body weight.
Diversity: consuming a variety of nutrient-dense foods.
Quality: including macro- and micronutrients with
minimal additives.
e Safety: ensuring food and beverages are consumed
safely.
This diet aligns with Islamic principles, which prioritize not
only halal (permissible) but also thayyib (good) aspects,
which consider the source, purpose, and quantity of food
consumed.

In Indonesia, the country with the largest Muslim
population in the world, halal certification is an increasingly
complex and multidimensional issue. Although the
government has enacted Law No. 33 of 2014 concerning
Halal Product Assurance, its implementation still faces
significant challenges. Limited human resources, supply
chain variations, and diverse industry practices are major
obstacles.

This is despite public awareness of halal products
continuing to grow. A study shows that 87.2% of Indonesian
Muslim consumers consider the halal label a primary factor
in choosing food and beverages [4]. The halal label now
serves not only as a religious marker but also as a symbol of
trust and quality assurance.

Internationally, halal certification has evolved into a
quality assurance system with strategic economic value. The
global halal market is estimated to reach USD 3.2 trillion by
2024, with Indonesia having a significant opportunity to
become a major player. Halal-certified products even have
the potential to increase revenues in the food and beverage
industry by up to 35%.

However, the challenges of the certification process
extend beyond raw materials, encompassing the entire
production process, from processing and packaging to
distribution. This requires a multidisciplinary approach,
involving food technology, Islamic law, supply chain
management, and industry regulations.

Advances in digital technology have also opened up new
opportunities to increase the transparency and efficiency of
the certification process. The emergence of halal tracking
applications, digital platforms, and even technologies like
blockchain has begun to be utilized to assist consumers and
producers in ensuring the halal status of products [2], [3], [5]-
This aligns with studies by Ariska et al. (2024), which
emphasize the role of technology in increasing producer
accountability, and Azam & Abdullah (2020), which
highlight the importance of digital platforms in building
consumer trust.

In response to the need for efficiency in halal
classification, artificial intelligence (Al)-based automation
approaches are being developed, particularly for assessing
halal quality based on ingredient lists. One [6], [7] method is
the use of Long Short-Term Memory (LSTM).

LSTM is an algorithm that can overcome the vanishing
gradient problem in RNNs in learning long-term
dependencies [8], [9], [10]. Spam detection using LSTM, for
example, is a popular application in sequential data
classification. LSTM is a recurrent neural network
architecture capable of understanding long-term context in
sequenced data. In LSTM, RNN nodes are replaced by LSTM
cells designed to store past information. LSTM uses three
types of gates to control the stored and updated information:
input gates, forget gates, and output gates.

With its ability to understand sequential context and
efficiently handle text data, LSTM, especially in its
bidirectional form, is a suitable choice for automating halal
food classification based on ingredient lists. This approach is
expected to help consumers and industry assess the halal
status of food accurately, quickly, and efficiently.

1I. RELATED WORKS

The use of machine learning for food classification has
become a rapidly growing area of research in recent years.
Early research in this domain focused on identifying food
types using computer vision [11]. Chen et al. developed a
Convolutional Neural Network (CNN)-based food
classification system capable of identifying 101 food
categories with 88.28% accuracy. However, image-based
approaches have limitations in identifying the internal
composition of foods that are not visually visible.
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Subsequent developments have led to the use of text
mining and Natural Language Processing (NLP) for
ingredient and food composition analysis. Liu et al. used text
classification techniques with Support Vector Machines
(SVM) to classify food products based on a list of ingredients,
achieving 92.5% accuracy on a dataset of 5,000 products
[12]. This approach demonstrates the great potential of text
analysis for food classification.

Specific research on halal classification using machine
learning shows promising trends. Mustapha et al., in their
review of the application of machine learning approaches to
halal meat authentication, highlighted that ML offers a fast,
flexible, scalable, automated, and lower-cost method with
high accuracy and sensitivity compared to traditional
methods [13]. Several ML approaches used in halal meat
authentication have been shown to have high accuracy rates.
Support Vector Machine (SVM) is a supervised learning
model widely used for data classification and regression,
known for its excellent classification power in detecting meat
adulteration. Studies have shown that SVM has been
successfully used in halal meat authentication with significant
accuracy, even reaching 98% in classifying minced beef,
lamb, and chicken adulterated with pork when combined with
Fourier transform infrared spectroscopy (FTIR) and
multivariate methods.

Tarannum in his thesis explored the use of deep learning
and machine learning techniques to detect halal items, with
the aim of classifying unknown products as halal or haram
based on their ingredients using the YOLOVS5 algorithm and
OCR for text extraction [3]. This research shows promising
results with a system capable of identifying and classifying
packaged food products based on ingredient analysis.
Following this study, Tarannum et al. suggested a novel
approach for halal food recognition based on deep learning
and machine learning. This system identifies constituents in
packaged food products using the YOLOvVS detection
method, which is then used to extract features using an
Optical Character Recognition (OCR) system. After
preprocessing, the ingredients are classified using a trained
deep learning model, a neural network, and a rule-based
system, which accurately determines if the food product is
Halal or Haram. This study yielded good findings, with the
proposed halal packaged food recognition system attaining an
accuracy rate of 98%, as validated by comparison with the
opinions of three Islamic scholars. This unique approach has
enormous potential to help Muslim consumers rapidly
recognise Halal-certified foods, especially while navigating.
This innovative approach has significant potential to assist
Muslim consumers in efficiently recognizing Halal-certified
items, especially when navigating unfamiliar environments.

Yusop[14] et al. develop halal certification system using
the Random Forest algorithm with TF-IDF-based feature
extraction . Their system achieved 87.2% precision and
89.1% recall in classifying halal and non-halal products.
However, this study still utilized traditional machine learning
methods, which are limited in understanding the semantic
context of food ingredients.

Advances in deep learning, particularly in the field of
NLP, have brought significant breakthroughs in text
classification. Mikolov et al. introduced Word2Vec, which
allows for the representation of words in dense vectors,
providing a strong foundation for semantic understanding of
text [15].

The use of Recurrent Neural Networks (RNN) and its
variants, such as Long Short-Term Memory (LSTM), has
proven effective in sequence modeling. Hochreiter &
Schmidhuber introduced LSTM, which can overcome the
vanishing gradient problem in traditional RNNs [16]. A
further development is the Bidirectional LSTM, introduced
by Schuster & Paliwal, which allows the model to process
information from both forward and backward directions
within a sequence [17]. Zhou et al. demonstrated the
superiority of bidirectional LSTM in text classification tasks,
achieving state-of-the-art performance on several benchmark
datasets [18]. This model is able to capture long-range
dependencies and more complex contexts compared to
traditional methods.

In addition to general food classification, food allergen
detection is a crucial aspect of food safety. Bianco et al., in
their review article "Food allergen detection by mass
spectrometry: From common to novel protein ingredients,"
discuss food allergen detection using mass spectrometry
(MS) [19]. This study highlights MS as a promising
alternative to traditional antibody-based assays for the
quantification of various allergenic proteins in complex
matrices with high sensitivity and selectivity. This article
summarizes the main allergenic proteins and the advantages
and disadvantages of several MS acquisition protocols, such
as multiple reaction monitoring (MRM) and data-dependent
analysis (DDA), for identifying and quantifying common
allergenic proteins in processed foods. This study also
includes a section dedicated to novel foods such as
microalgae and insects as sources of novel allergenic
proteins. MS is considered an effective analytical tool for
ensuring regulatory compliance throughout the food chain.

The application of word embeddings in the food domain
has shown promising results. Teng et al. used Word2Vec to
build a food knowledge graph capable of capturing semantic
relationships between food ingredients [20]. Min et al.
surveyed various food computing approaches, including the
use of domain-specific word embeddings for food nutrition
analysis, which demonstrated superior performance
compared to general-purpose embeddings [21].

The use of word embeddings in the context of halal
classification holds great potential due to their ability to
capture complex semantic relationships between ingredients.
This is important considering that many ingredients have
alternative or derivative names that can affect a product's
halal status.

Despite progress in the application of machine learning to
food classification and several attempts at halal classification,
several significant gaps remain:

e Dataset Limitations: Most studies use relatively small
and non-comprehensive datasets. There is no standard
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benchmark dataset for halal classification that can be
used for comparison between different methods [22].

e Ingredient Complexity: Existing research has not
adequately addressed the complexity of analyzing
ingredients with multiple names or derivatives. For
example, gelatin can come from halal (fish) or haram
(pork) sources, but existing classification systems often
treat gelatin as a single entity [23].

e Contextual Understanding: Traditional machine
learning approaches used in previous research have
limitations in understanding the context and
relationships between ingredients. Rule-based or
keyword matching approaches cannot capture the
nuanced relationships within ingredient lists [24].

e  Multilingual Challenges: Global food products often
have ingredient names in multiple languages, but
current research generally focuses on a single language.

e Integration with Regulatory Standards: Existing
research has not adequately integrated with regulatory
standards and guidelines from various halal certification
bodies which can differ between countries [25].

e Scalability and Real-time Processing: Existing systems
are generally not designed for large-scale use with the
real-time processing required in practical applications.

Based on the analysis of the related work above, it can be
concluded that there is still significant opportunity to develop
a more robust and accurate halal classification system using
advanced deep learning techniques, particularly bidirectional
LSTM with word embeddings, which can overcome the
limitations of current approaches. This research aims to fill
this gap by developing a model that can better understand the
semantic context of ingredients.

111. RESEARCH METHODS

A. Data preparation

Data preprocessing is a crucial step in developing a text-
based halal/haram classification system, especially when the
data comes from freely written food ingredient lists by
manufacturers. Due to the non-standardized format, data
normalization and transformation are the initial steps to
ensure the model can learn from a clean and consistent
representation.

Figure 1 shows the flow activity of this research. The first
step is to remove entries with no data in the text column
(dropna). Then, text normalization is performed by
converting all letters to lowercase and removing all non-letter
characters using regular expressions, including numbers,
punctuation, and symbols that do not contribute semantically
to the model's understanding. This aims to reduce irrelevant
vocabulary variation and maintain focus on meaningful
words.

Next, the data labels are encoded using a binary approach:
halal labels are assigned a value of 0, and all others (e.g.,
haram or doubtful) are assigned a value of 1. This process is
performed using a transformation function using
LabelEncoder. After the cleaning and labeling stages, the
tokenization process is performed, which converts the text

into a sequence of integers representing word indices. The
tokenizer is limited to the top 10,000 words and uses the
special <OOV> token to handle out-of-vocabulary words.
Each sequence is then padded to a uniform length of 100
tokens to ensure the appropriate input format for the neural
network model.

The trained tokenizer is saved in the tokenizer.pickle file
for reuse during inference or model evaluation. The dataset is
then divided into three subsets: training data (70%),
validation data (15%), and testing data (15%), using
stratification to maintain class proportions. This process is
carried out in two stages, with an initial split between training
and provisional data (80:20), followed by an even split
between validation and testing data (50:50).

Data Cleaning %

/j Data Integration N

s .
L > ( Data Transformahon) .

¢
)

_— ( Data Reduction %
///J N,
e
\> Data Discretization 1

NS 2

Fig 1. Flowchart of data preparation

B. Bidirectional Long Short-Term Memory (BiLSTM)

LSTM is an algorithm that can overcome the vanishing
gradient problem in RNNs by learning long-term
dependencies [16]. Spam detection using LSTM, for
example, is one popular application in sequential data
classification. LSTM is a recurrent neural network
architecture capable of understanding long-term context in
data sequences. In LSTM, RNN nodes are replaced by LSTM
cells designed to store past information. LSTM uses three
types of gates to control the information stored and updated:
input gates, forget gates, and output gates. The LSTM
architecture is shown in Figure 2.

hey ( o —PXp——> h
Fig 2. LSTM architecture

An LSTM network consists of memory blocks called
cells, which are composed of cell states and hidden cells. Cell
states serve as the main pathway for data flow, allowing data
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to flow smoothly, although linear transformations may occur.
Data in cell states can be added or removed through sigmoid
gates, which are functions that resemble layers with varying
weights. This process begins with a forget gate, which
identifies information from the previous step that will be
discarded. Information from the previous layer (ht—1) and the
current input (xt), plus the weights (Wf) and bias (bf), are
processed using the sigmoid function (o), as shown in the
equation:
fe = o(Wslhe-, xe] + by) M

The next step is to store the new information in the cell
state. This process involves two components: a sigmoid layer
to decide whether information should be stored, and a tanh
function to determine the value to be added. The values from
both layers are combined to update the cell state to a new
value (Ct).

With its ability to understand sequential context and
efficiently handle text data, LSTM, particularly in its
bidirectional form, is a suitable choice for automating
ingredient-list-based halal food classification. This approach
is expected to assist consumers and industry in assessing the
halal status of food accurately, quickly, and efficiently.

The core model used in this research is Bidirectional Long
Short-Term Memory (BiLSTM), a development of the
Recurrent Neural Network (RNN) architecture specifically
designed to process sequences of text data bidirectionally.
Unlike standard RNNs, which only process data from
beginning to end (forward), BILSTM consists of two LSTM
layers: one processing data from beginning to end, and
another from end to beginning. The results from both
directions are then combined to form a more complete
contextual representation. This capability makes BiLSTM
ideal for tasks that require a full understanding of the context
of a sequence of words, including the classification of halal
and haram based on food ingredient lists.

LSTM (Long Short-Term Memory) itself was introduced
as a solution to the weaknesses of traditional RNNs,
particularly the vanishing gradient problem that causes the
model to fail to remember long-term information. LSTM
overcomes this by implementing an internal memory
structure called a cell state, which works in conjunction with
three types of gates: input gates, forget gates, and output
gates. The combination of these three allows LSTM to
selectively retain, discard, and output information based on
contextual needs. This mechanism enables LSTM to
understand the relationships between words scattered
throughout long text sequences, which is particularly
important in the case of food ingredient lists, which can
contain many terms with contextual meaning.

When LSTM is used in its bidirectional form, the model
can simultaneously capture the context of the preceding and
following words, which is crucial for detecting the true
meaning of a particular phrase. For example, the word
"enzyme" is generally not problematic, but if it is followed by
the words "pork" or "non-halal," the context changes and
indicates the ingredient is likely haram. BiLSTM can
recognize these semantic relationships, even when the words

do not appear directly next to each other, because the model
has learned from the complex sequence structure in both
directions.

After the sequence learning process by BiLSTM is
complete, the model's output is directed to a dense or fully
connected layer. This layer serves to translate the contextual
representation of BILSTM into a binary classification result.
Since the final task is to decide whether a list of ingredients
falls into the halal or haram category, a sigmoid activation
function is used to generate a probability between 0 and 1.
This value is then compared to a specific threshold (usually
0.5) to determine the final class [26]

The use of BILSTM has proven highly effective in a
variety of natural language processing (NLP) tasks, ranging
from sentiment analysis and named entity recognition, to text
classification [27]. In the context of halal food classification,
BiLSTM offers an advantage because it can understand subtle
semantic relationships between words or phrases, such as
distinguishing “natural flavors,” commonly found in halal
products, from “alcohol flavors,” which indicate potential
haramity. By leveraging the power of BiLSTM, the system
can learn from complex patterns that cannot be identified with
traditional methods [28].

C. Model evaluation

The model training process is carried out by optimizing
network parameters to minimize the loss function. The loss
function used is Binary Cross-Entropy, which is a standard
choice for binary classification problems. The Adam
optimizer was chosen due to its ability to adjust the adaptive
learning rate, which helps in faster and more stable model
convergence. The initial learning rate is set at a specific value
(e.g., 0.001) and can be adjusted during training if necessary.
The model is trained for a specified number of epochs (e.g.,
50-100 epochs), with a batch size (e.g., 32 or 64) to maintain
computational efficiency. A validation process is performed
at each epoch using the validation data to monitor model
performance and detect signs of overfitting. An early
stopping technique can be applied to stop training if
performance on the validation data does not improve after
several epochs. Model performance evaluation is performed
on a completely separate test dataset. The evaluation metrics
used include [28]:

*  Accuracy: The proportion of correct predictions out of
the total predictions.

*  Precision: The proportion of correct positive predictions
out of the total positive predictions. This is especially
important if false positives have high consequences
(e.g., classifying something haram as halal).

*  Recall: The proportion of actual positive cases correctly
identified. This is especially important if false negatives
have high consequences (e.g., classifying something
halal as haram).

*  FI1-Score: The harmonic mean of precision and recall,
providing a balance between the two metrics, which is
especially useful for datasets with imbalanced classes.
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* Confusion Matrix: A visual representation of the
performance of a classification algorithm, showing true
positives, true negatives, false positives, and false
negatives.

*  ROC AUC Score: A score of the area under the ROC
curve, indicating the model's ability to discriminate
between positive and negative classes across the board.

These metrics provide a comprehensive overview of the

model performance, especially considering potential class

imbalances between halal and haram products.

IV. RESULT AND DISCUSSION

A. Dataset

The dataset used in this study was obtained from the
Kaggle platform, namely the Food Ingredients Dataset with
Halal Label, curated by Irfan Akbari Habibi!. This dataset
contains a list of food ingredients from various products,
accompanied by labels classifying them as halal or haram.
Each entry consists of a text column containing the list of
ingredients and a label column indicating the product's halal
status. This dataset consists of 39,787 entries (Figure 3), with
the following class distribution:

* Halal: 21,826 entries
e Haram: 17,961 entries

This distribution indicates that the halal class is slightly
more dominant, but the difference is not too extreme,
allowing for balanced training of the model using
stratification techniques during data splitting.

This dataset has been curated by the authors to facilitate
the labeling process, including classifying ingredients
containing additive codes (such as E471 or E120) and
ingredients with potential haram status, such as gelatin,
alcohol, and certain enzymes. Therefore, this dataset is
considered suitable for use in developing a text-based binary
classification model aimed at predicting the halal or haram
status of ingredients in commercial products. With this
preprocessing step, a bidirectional LSTM model can be
trained with a cleaner and more informative data
representation, thereby improving its generalization ability in
classifying ingredients based on their halal status [3], [29].

Class Distribution

20000

15000 A

10000 1

5000

Halal
Haram

Iahal

Fig 3. Dataset distribution

1https://www.kaggle.com/ datasets/irfanakbarihabibi/food-ingredients-
dataset-with-halal-label

B. Word embedding

After the text from the grocery list has been preprocessed,
the next step is to transform the text data into a numerical
representation that can be processed by a deep learning
model. This representation is called word embeddings, a
technique that transforms words into vectors in a high-
dimensional space, which retains not only lexical information
but also semantic and syntactic information [23].

Unlike traditional representation techniques such as one-
hot encoding, which only indicate the presence of a word in
binary form and do not consider the relationships between
words, word embeddings allow the model to understand the
meaning and context of words more deeply. For example, the
words "pork," "pork meat," and "pork gelatin" will be
represented by vectors that are close to each other in the
vector space because they frequently appear in similar
contexts in the training corpus [30].

In this study, an internal embedding approach was used,
trained concurrently with the classification model end-to-end.
The Keras Embedding layer was used with the following
parameters:

* input dim = 10000: Only the top 10,000 words in the
corpus are considered.

* output_dim = 128: Each word is represented in a 128-
dimensional vector space.

* input length = 100: The input length is fixed at 100
tokens per sample.

This embedding is then passed to a Bidirectional LSTM
layer to capture the sequential context of the food ingredient
list, both forward and backward. Because the embedding is
trained concurrently with the model, the resulting word
representations are highly tailored to the task of halal and
haram classification based on the patterns discovered during
training.

The use of internal embedding is particularly appropriate
in this context because the data domain is specific, namely,
food ingredient lists, which may not be representatively
covered by general embedding models like Word2Vec or
GloVe. By constructing the embedding directly from the data,
the model has the flexibility to learn more relevant and
contextual representations.

C. Model architecture

The proposed model architecture consists of several
layers designed to process an input list of ingredients and
generate halal or haram classification predictions. The input
to the model is a sequence of word embeddings from the
processed ingredient list. The first layer is an embedding
layer that receives word tokens and maps them to a fixed-
dimensional vector (e.g., 100 or 200 dimensions) using the
pre-trained word embeddings described previously. After the
embedding layer, there are one or more Bidirectional LSTM
layers. Each BiLSTM layer is configured with a certain
number of memory units (e.g., 128 or 256 units per direction)
to capture the contextual dependencies of the ingredient
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sequence. A dropout layer (e.g., with a rate of 0.3 or 0.5) is
applied after each BILSTM layer to prevent overfitting during
training. The output of the last BILSTM layer is then flattened
or its last hidden state is taken before being passed to the
dense layer. The dense or fully connected layer acts as a
classifier. This layer usually consists of one or more dense
layers with ReLU activation function, followed by a single
dense output layer with sigmoid activation function for binary
classification tasks (halal/haram) [18].

The implemented model architecture consists of several
main components that work in an integrated manner to
classify the halal status of food based on the ingredient list.
The model is designed with a simple and efficient architecture
that includes an embedding layer, one bidirectional LSTM
layer, and a dense classification layer.

The first layer is an embedding layer that converts each
word token into a 128-dimensional vector. This embedding is
trained alongside the model (trainable) and does not use
external pre-trained embeddings, given the relatively clean
and structured dataset. The 128-dimensionality was chosen as
a compromise between semantic representation capacity and

computational efficiency.

The core layer of the model is a single bidirectional LSTM
with 64 units for each direction (forward and backward). This
configuration was chosen because it provides stable results
and is sufficiently representative in capturing the sequence
and context of words in relatively short and simple data such
as food ingredient lists. This BiLSTM structure allows the
model to understand context from both directions
simultaneously, which is important in distinguishing terms
such as "beef extract" and "pork extract."

After BILSTM, a dropout layer with a rate of 0.5 is
applied as a form of regularization to prevent overfitting,
especially when the model learns from simple, easily
memorized patterns. This dropout helps maintain model
generalization during training.

Finally, the model output is routed to a dense layer with a
single neuron and a sigmoid activation function to generate a
binary classification probability value, indicating whether the
food item is classified as halal or haram.

D. Model result

The training process was conducted using a dataset
consisting of 39,787 samples, with a class distribution of
21,826 halal samples (54%) and 17,961 haram samples
(46%). The dataset was divided into 80% training data, 10%
validation data, and 10% testing data in a stratified manner.
The model was trained using the Adam optimizer with an
initial learning rate of 0.001 and a decay rate of le-6. The loss
function used was binary crossentropy, appropriate for binary
classification tasks, and the batch size was set at 32 to balance
memory efficiency and training stability.

Training was conducted for a maximum of 10 epochs,
with early stopping applied based on the validation loss with
patience for three epochs. The model experienced good
convergence, with the training loss decreasing from 0.2641 in
the first epoch to 0.0099 in the eighth epoch, where early
stopping was activated. The minimum validation loss was

recorded at 0.0325 in the 5th epoch. The training results
indicate that the model has excellent generalization ability,
demonstrated by a training accuracy of 99.6%. The learning
curve graph shows no signs of significant overfitting, with the
gap between the training and validation losses remaining
stable (Figure 4 and 5). In the evaluation phase using test data,
the model produced very high performance with the metrics
presented in Table 1.
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Fig 4. Graphic of training and validation accuracy
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Fig 5. Graphic of training and validation loss

Table 1. Testing result

Class Precision Recall  F1-Score Support
Halal (0) 1.00 1.00 1.00 2183
Haram (1) 1.00 0.99 1.00 1796
Accuracy Score 1.00

ROC-AUC Score 0.9961

Model evaluation was conducted on separate test data
using various metrics to provide a comprehensive overview
of model performance. The evaluation results demonstrated
very high performance, with 99.75% accuracy on the test
data.

Further analysis using a confusion matrix in Figure 6
showed that out of 3,979 test samples, the model successfully
classified 2,178 samples as halal (true positives) and 1,786
samples as haram (true negatives). Classification errors were
relatively small, with only 5 false positives (haram products
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classified as halal) and 10 false negatives (halal products
classified as haram).

Confusion Matrix
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Fig 5. Confusion matrix result

Evaluation metrics for each class showed that for the halal
class, the precision reached 1.00, meaning all halal
predictions made by the model were correct. The recall was
0.995, indicating that 99.5% of all halal products were
correctly identified. The F1-score reached 0.997, reflecting
an excellent balance between precision and recall.
Meanwhile, for the haram class, the precision reached 0.995,
the recall was 0.994, and the Fl-score was 0.995. This
performance was nearly equivalent to that for the halal class,
indicating that the model was able to recognize both classes
equally.

The ROC-AUC score reached 0.9961, indicating very
high inter-class separation ability and the model's stability in
binary classification. Analysis of classification errors
revealed that most errors occurred for ambiguous ingredients,
such as the general term "enzyme" without specifying animal
or vegetable sources, and the use of generic terms like
"natural flavors" that can refer to ingredients from various
sources. The model also demonstrated challenges in handling
alternative ingredient names or numeric codes (such as E-
numbers) that are less commonly used in labeling.

Compared to baseline models such as Naive Bayes and
TF-IDF-based SVM, the proposed BiLSTM model
demonstrated significant performance improvements. Naive
Bayes achieved only 78.3% accuracy, and SVM achieved
84.7%, while the BILSTM model achieved 99.75% accuracy.
This confirms the superiority of deep learning approaches in
capturing complex contextual patterns in short texts such as
ingredient lists.

E. Discussion

The results show that a Bidirectional LSTM (BiLSTM)
approach trained end-to-end with randomly initialized word
embeddings is capable of classifying the halal or haram status
of a list of food ingredients with very high accuracy, reaching
99.75% on the test data.

The success of this model is driven by several key factors.
First, the use of a single BILSTM allows the model to
understand the context of word sequences in both forward and
backward directions, which is crucial for context-sensitive
food ingredient interpretation. Concrete examples such as the
difference between "beef gelatin" and "pork gelatin,"
demonstrate that word context is crucial for classification.
Second, despite not using pretrained embeddings, training the
embeddings directly in the domain context provides a
relatively rich semantic representation. These embeddings
enable the model to recognize similarities between frequently
occurring terms in food ingredients, such as "animal fat" and
"beef tallow."

The model also demonstrated good generalization ability,
demonstrated by an Fl-score of 1.00 for the halal class and
0.995 for the haram class, as well as an ROC-AUC score of
0.9961. The model's error rate was very low (5 false positives
and 10 false negatives out of 3,979 samples), demonstrating
the system's reliability for real-world applications.

However, this study also revealed several limitations. The
model still struggled to handle ingredients with ambiguous or
incomplete descriptions, such as "enzyme," "emulsifier," or
"natural flavor" without additional information. Furthermore,
although the class distribution was fairly balanced, the haram
class was slightly smaller, which could introduce minor bias
into the classification process.

The model was also limited to the Indonesian language,
so its use remains limited in local contexts. Given the large
number of imported products with multilingual labels, the
ability to recognize terms in multiple languages is crucial for
future development. In terms of comparison, the BiLSTM
model significantly outperforms baseline TF-IDF-based
models such as Naive Bayes (78.3%) and SVM (84.7%),
demonstrating the superiority of the deep learning approach
in capturing contextual dependencies that linear models are
unable to handle.

V. CONCLUSION

This study demonstrates that a simple bidirectional LSTM-

based approach with trainable embeddings is highly effective
for classifying the halal and haram status of food ingredients.
The developed model achieved a high accuracy of 99.75%
and achieved very strong performance across all evaluation
metrics (precision, recall, F1-score, and ROC-AUC).
This success is driven by the model's structure, which is
capable of capturing bidirectional context and the
embedding's flexibility in recognizing common patterns in
food ingredients. This system has great potential for
integration into mobile/web applications to assist Muslim
consumers in evaluating product halalness quickly,
accurately, and practically.

However, this study acknowledges several limitations,
such as ambiguous ingredient recognition, language
limitations, and the need for a semantically richer and
multilingual dataset. Therefore, for further development, it is
recommended to integrate an attention mechanism to improve
model interpretability and focus on important keywords, and
to explore transformer-based models such as BERT that have
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been trained on similar domains. Developing a larger,
standardized, multilingual dataset to improve classification
capabilities in a global context. With this development
direction, a deep learning-based halal classification system
could become a reliable and scalable technological solution
to support a halal lifestyle in the digital age.
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