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Abstract−Since the Quran is the primary holy book for Muslims, information extraction research on Quranic texts, especially in a 

form of People Entity Extraction, is an important task for further Quran and Tafseer understanding. The challenges in extracting 

people entities from the Quranic text is that many verses have a complex structure, such as nested entities, making it crucial to 

build a system that can extract the entity automatically, accurately, and quickly. People Entity Extraction on Quran itself is a task 

that aims to extract people entities in a sentence or verse, such as the name of a person, the name of a group, etc. on the Quranic 

texts. Example of input taken from snippet Surah Al-Baqarah verse 46 which reads “Those who believe that they will meet their 

Lord and that they will return to him” from that input the people entity extraction system is expected can identify people entities 

i.e. “Those who believe that they will meet their Lord”. Currently, People Entity Extraction research for the Quran has not been 

widely carried out, only a few algorithms with scattered results have been conducted. In this research, we will use several supervised 

models which are Conditional Random Field (CRF), BiLSTM-CRF, and a pre-trained deep learning model based on IndoBERT 

transformers. We apply and perform a comparative analysis for the performance of those several models. We found out that deep 

learning based model, namely BiLSTM-CRF perform best at extracting people entities, whilst probabilistic based model, namely 

CRF, had difficulty in extracting people entities, specifically nested people entities. 
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1. INTRODUCTION 

Quran is the Muslim holy book consisting of 114 surahs and around 6200 verses [1]. Because of the large number of 

surahs and verses, as well as various phrases in the Quran that have a complicated structure, such as nested entities, it 

is crucial to develop a system that can accurately, rapidly, and automatically extract information, particularly in the 

form of people entities. The application of the Named Entity Recognition system, which is dedicated to extract people 

entities, can aid in the automatic extraction of people entities and can also be used for future related research, making 

it valuable for a better comprehension of the Quran and its Tafseer. 

Named Entity Recognition, or NER is a sub-task in information extraction that aims to identify a specific entity 

in a text, such as a person’s name, organization, or geographic location [2]. In this research, what will be emphasized 

is the use of NER in extracting people entities in the Quran. People entity extraction is a NER task that extracts only 

people entities rather than the complete named entity, such as a person’s name, a group’s name, and so on. The text 

of the verse from the Quran serves as the input to the people entity extraction system, and the people entity extracted 

by the system serves as the output. Figure 1, shows an example of input from Surah Al-Anfal verses 46-47 the system 

is expected to identify people entities in the input sentences or ayat. Extracted sentences three and four are examples 

of people entity extraction from nested people entities, where green sentences are level one entities and blue sentences 

are level two entities. Only nested entities up to two levels is used in this research. The development of a NER system 

that can automatically identify and extract people entities in the Quran is important for furthering our understanding 

of the Quran; moreover, the extracted people entity may be useful for future research that requires people entities to 

obtain specific information such as a question answering system for the Quran.  

In its application, NER system can be divided into several approaches. Earlier NER systems were built with 

handcrafted rules, lexicons, orthographic features, and ontologies. The system is then followed up with NER based 

on feature engineering and machine learning [3]. Then, in recent years, NER systems based on neural networks with 

minimal feature engineering are becoming more popular [4]. The purpose of this study is to extract people entities 

with several algorithms, then compare their performance. The systems are built based on machine learning and neural 

networks. For machine learning, a probabilistic model, Conditional Random Field (CRF) algorithm is used [5], and 

for neural networks, BiLSTM-CRF and pre-trained deep learning model IndoBERT is used. BiLSTM-CRF which was 

first introduced by Zhiheng Huang et al, is a combination of Bidirectional LSTM and CRF [6]. IndoBERT is a pre-

trained BERT model for Indonesian language which are trained on indo4B dataset that consists of social media text, 

blog, news, and website [7], BERT itself is a transformer based based model that uses attention mechanism [8]. The 

three models were chosen because they were often used at the time for NER and sequence labeling problems. 

The main contribution of this research is the extraction of people entities using the aforementioned algorithms 

and providing a full comparative analysis of the performance benchmarks of the algorithms used. The performance of 

each algorithm will be measured by the evaluation metric, namely F1-score. This research of several supervised 

learning algorithms will provide insight for researchers who will use these approaches in the future. 
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Figure 1. An example of the input paragraph with the intended output of people entities; note that in the second 

paragraph there are examples of nested entities wrapped in red brackets; entities extracted at the output are only 

nested entities up to two levels, namely those colored green and blue. 

2. RESEARCH METHODOLOGY 

2.1 Experimentation Flow 

In this research, there are three models that are used to extract nested people entities in Indonesian translated Quran, 

that is; CRF, BiLSTM-CRF and IndoBERT. The three models are trained with a dataset based on the Indonesian 

Quran corpus for the training and evaluation process. Before the three models are trained, the dataset is processed first 

in pre-processing phase, afterwards the data is then divided into two sets, namely train data to train the model and test 

data to evaluate the model. After carrying out the training phase, the three models are carried out in the testing phase, 

where the three models predict labels on data that have not been seen in the training phase. The results of the testing 

phase are then evaluated for the model's ability to extract entities at level-1 and level-2. Figure 2 shows the process of 

the experiment carried out from start to finish. 

 

Figure 2. Flow of the experiment that are carried out 

https://ejurnal.seminar-id.com/index.php/bits
https://creativecommons.org/licenses/by/4.0/


Building of Informatics, Technology and Science (BITS)  
Volume 4, No 1, Juni 2022 Page: 241−246  
ISSN 2684-8910 (media cetak) 
ISSN 2685-3310 (media online) 
DOI 10.47065/bits.v4i1.1758  

Copyright © 2022 Dimitri Irfan Dzidny, Page 243   

BITS is licensed under a Creative Commons Attribution 4.0 International License 

 

2.2 Dataset 

The dataset is taken from the Tanzil Quran corpus which includes Juz 1 through Juz 6. The entity tag used in this 

research is PER (person), which represents people entities, and O for entities outside people entities. The format used 

to label people entities is the IOB format, which was first introduced by Ramshaw and Marcus [9], with the dataset 

format in accordance with the dataset in the NER CoNLL-2003 [10]. There are two types of labeling based on the 

level of nested entities, the type of labels is utilized based on the label format used in Pham Quang Nhat Minh’s 

research in the NER VLSP-2018 work [11], level-1 for nested entities up to one level, level-2 for nested entities up to 

two levels, and joint-tag, which is a concatenation of label level-1 and level-2. In the dataset there is also a POS feature 

for every word obtained at the pre-processing stage. Table 1 shows the structure of the dataset used, taken from a 

snippet of a Quranic verse. The dataset used can be found on https://github.com/dimitriirfan/nested-people-entities-

quran. 

Table 1. Example of the dataset structure used 

Surat Ayat Kata POS Level-1 Level-2 Joint-tag 

2 154 orang-orang (those) NN B-PER B-PER B-PER+ B-PER 

  yang (who) SC I-PER I-PER I-PER+ I-PER 

  gugur (died) VB I-PER I-PER I-PER+ I-PER 

  di (in) IN O I-PER O+I-PER 

  jalan (the way of) NN O I-PER O+I-PER 

  Allah (Allah) NNP O I-PER O+I-PER 

  bahwa (that) SC O O O+O 

2.3 Data Pre-processing 

Before the data enters the training and testing stage, the data will be pre-processed first. The pre-processing techniques 

that will be carried out on the data are as follows: 

a. Case folding, i.e. the process by which all words are converted into lower case format 

b. Punctuation, removing all punctuation marks, such as “.”, “,”, “!”, etc. on a sentence. 

c. Tokenization, breaking sentences into small units of words (tokens) 

d. POS Tagging, marks the word of a sentence as a function of its sentence structure or its Part-of-speech 

2.4 Data Split 

To carry out training and testing the model, two separate and non-overlapping datasets are needed, with that dataset 

is divided into two, namely train data and test data. Train data is 80% of the total data and test data is 20% of the total 

data. 

2.5 Model Training Phase 

At this stage, the three models used were trained on the same train data. The model is trained on joint-label which is 

a concatenation of entity labels at level one (level-1) and level two (level-2). The three models have different parameter 

settings for each model used, the source code of the implementation can be found on 

https://github.com/dimitriirfan/nested-people-entities-quran. The following is a breakdown of each model used: 
a. CRF, input for CRF is in the form of features of words in the data train. The features that will be used are word-

level features (word cases, suffixes, prefixes, and neighboring words), and POS feature. 
b. BiLSTM-CRF , the input for BiLSTM-CRF is the word from the data train which is represented in the word 

embedding. This model uses the Flair framework [12] where there are several word embedding that can be used. 
In this experiment the word embedding that will be used include Word2Vec [13], FastText [14], [15], and Glove 
[16]. Word2Vec and FastText uses two training methods namely CBOW and skip-gram. The three word 
embeddings were trained using the Indonesian Wikipedia corpus with embedding dimensions of 300 dimensions. 

c. IndoBERT , this model is a BERT model that has been pre-trained on the Indonesian language corpus Indo4B 
[7], which is then used for the task of sequence labeling, in this case the extraction of people entities. The model 
will have an additional layer on the output which is a dropout layer, and one dense neuron. The optimizer that will 
be used is Adam. The input of the model is an embedding vector consisting of ID tokens for each word obtained 
from the pre-trained tokenizer IndoBERT. 

2.6 Model Testing Phase 

The three models that have been trained are then carried out in the testing phase using test data consisting of data that 

has never been seen by the model. The data goes through the same pre-processing stages as the train data. The three 

models that have been trained will then predict joint-tag labels for each data in the test data (B-PER+B-PER, I-PER+I-

PER, O+I-PER, O+O). To evaluate the model’s ability to predict nested entities at each level, the prediction results 

are then separated based on the entity level. 

2.7 Evaluation Metrics 
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In this research, there are three main measurable metrics that are used to measure the performance of each model to 

be built. Precision is the percentage of correctly named entities found by the system, recall is the percentage of named 

entities found by the system [10], then F1-score which is the harmonic average between precision and recall. The 

prediction of the named entity is said to be true if the entity extracted by the system matches the entity in the actual 

data [10]. The evaluation was carried out using the Seqeval software which was built based on the evaluation of the 

NER CoNLL task [17]. 

3. RESULT AND DISCUSSION 

In this research we use three different algorithms to extract nested people entities in Indonesian translated Quran, and 

compare those three algorithms performance based on our primary metrics F1 score. We found that BiLSTM-CRF 

perfomed best compared to the other two model that is CRF, and IndoBERT. Based on the results of the experiments 

that have been carried out, each model and the variation of features used have different results, table 3 shows the detail  

Table 2. Best performing model 

Model Fitur Level-1 F1 Level-2 F1 Average F1 

IndoBERT IndoBERT embedding 0.78 0.73 0.755 

CRF Prefix + POS 0.763 0.719 0.741 

BiLSTM-CRF FastText (skip-gram) 0.81 0.76 0.785 

of evaluation results for all variants, and table 2 shows the best performed variants of each model. For CRF, 

the variant is the model that uses the prefix + POS feature, variant that does not use suffix feature, which produces an 

F1 score in extracting level-1 entities of 76% and an F1 score in extracting level-2 entities by 72% on average 

producing a 74% score. It can be seen in table 2 that the removal of prefix feature for the CRF model decreases the 

model’s performance by 7% on level-1 entities and level-2, this shows that prefix features are important in achieving 

high CRF performance. The removal of POS or suffix feature slightly improves the model performance, the removal 

of POS feature increases performance by 0.7% on level-1 and 1.1% on level-2, as for the removal of suffix feature 

increases performance by 0.6% on level-1 and 1.9% on level-2, removal of both suffix and POS feature increases 

performance by 0.1% on level-1 and 1.9% on level-2. The removal of suffix is the best variant for CRF, since the 

model performance increases by 

Table 3. Experiment results for every model variants. ”[all]” feature consist of feature: prefix + suffix + POS 

Surat Ayat Level-1 Level-2 

Model Fitur Precision Recall F1 Score Precision Recall F1 Score 

IndoBERT IndoBERT embedding 0.76 0.80 0.78 0.71 0.74 0.73 

Conditional 

Random 

Field (CRF) 

[all] 0.803 0.716 0.757 0.742 0.662 0.700 

[all] -POS 0.812 0.721 0.764 0.756 0.671 0.711 

[all] -suffix 0.815 0.716 0.763 0.769 0.676 0.719 

[all] -prefix 0.741 0.631 0.681 0.693 0.590 0.637 

[all] -POS -suffix 0.810 0.712 0.758 0.769 0.676 0.719 

[all] -POS -prefix 0.737 0.631 0.680 0.684 0.586 0.631 

baseline 0.680 0.604 0.640 0.650 0.577 0.611 

BiLSTM-CRF Word2Vec (CBOW) 0.77 0.65 0.70 0.73 0.62 0.67 

Word2Vec (skip-gram) 0.78 0.59 0.67 0.71 0.53 0.61 

FastText (CBOW) 0.79 0.74 0.76 0.76 0.71 0.74 

FastText (skip-gram) 0.83 0.79 0.81 0.78 0.74 0.76 

GloVe 0.84 0.72 0.77 0.75 0.65 0.70 

1.25% on average, the highest average increase compared to the other variants. For the best BiLSTM- CRF 

model is the model which uses the FastText (skip-gram) feature as word embedding which results in an F1 score in 

extracting level-1 entities of 81% and an F1 score in extracting level-2 entities of 76%, a significant increase compared 

to using another word embedding. BiLSTM- CRF with Word2Vec (skip-gram) feature produces the worst 

performance among other BiLSTM-CRF models. Finally, the IndoBERT model produces an F1 score in extracting 

level-1 entities of 78% and an F1 score in extracting level-2 entities of 73%. Based on the evaluation results in table 

3, the BiLSTM-CRF model with the FastText (skip-gram) feature is the best model that produces the highest F1 score 

both in predicting entities at level-1 or level- 2, then followed by IndoBERT.  

Furthermore, to more deeply compare the performance of the model, a model evaluation will be carried out in 

classifying the labels on the joint-tag for the three models taken from each algorithm using the feature that produces 

the best F1 score, according to the model in table 2. 
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Table 4. Experiment results for every model variants. For CRF, ”[all]” feature consist of feature: prefix + suffix + 

POS 

Label 
IndoBERT BiLSTM-CRF CRF 

Support 
Precision Recall F1 Score Precision Recall F1 Score Precision Recall F1 Score 

B-PER+B-

PER 

0.94 0.91 0.92 0.95 0.90 0.92 0.97 0.85 0.91 222 

I-PER+I-PER 0.96 0.85 0.91 0.94 0.82 0.87 0.96 0.70 0.81 792 

O+I-PER 0.54 0.38 0.44 0.80 0.32 0.46 0.81 0.15 0.25 114 

O+O 0.98 0.99 0.98 0.95 0.90 0.92 0.96 1.00 0.98 7174 

Table 4 shows the performance of the best performing IndoBERT, BiLSTM-CRF, and CRF models in 

classifying labels on joint-tags; the three models have good performance in predicting labels on joint-tags except for 

O+I-PER labels. The low performance of the model in classifying O+I-PER labels indicates that the model is having 

a difficulty in extracting level-2 nested entities, however in this experiment the BiLSTM-CRF model remains the best 

model to be used in extracting people entities since it has the highest F1 score in classifying O+I-PER labels, that is 

46%, followed by IndoBERT with a 44% F1 score, and finally the CRF model with an F1 score of 22%. 

Table 5. Predictions of the three models for nested entities at level-1 

Kata True label 
Model Prediction 

CRF BiLSTM-CRF IndoBERT 

Adapun (as for) O O O O 

orang-orang (those) B-PER B-PER B-PER B-PER 

yang (who) I-PER I-PER I-PER I-PER 

beriman (believe) I-PER I-PER I-PER I-PER 

dan (and) O O O O 

mengerjakan (do) O O O O 

amalan-amalan (deeds) O O O O 

yang (that are) O O O O 

saleh (righteous) O O O O 

maka (, then) O O O O 

Table 5 shows examples of good classifications of the three models for entities at level-1, all three models 

perform well in extracting people entities at level-1 

Table 6. Predictions of the three models for nested entities at level-1 

Kata True label 
Model Prediction 

CRF BiLSTM-CRF IndoBERT 

Adapun (as for) O O O O 

orang-orang (those) O O O O 

yang (who) B-PER B-PER B-PER B-PER 

beriman (believe) I-PER I-PER I-PER I-PER 

dan (and) I-PER I-PER I-PER I-PER 

mengerjakan (do) I-PER O I-PER I-PER 

amalan-amalan (deeds) I-PER O I-PER I-PER 

yang (that are) I-PER O I-PER I-PER 

saleh (righteous) I-PER O I-PER I-PER 

maka (, then) O O O O 

Table 6 shows examples of good classifications of the models except for model CRF, it shows the difficulty of 

CRF model in predicting people entities at level-2. 

Table 7. An example of the three models label predictions at level-1 

Kata True label 
Model Prediction 

CRF BiLSTM-CRF IndoBERT 

orang-orang (those) B-PER B-PER B-PER B-PER 

yang (who) I-PER I-PER I-PER I-PER 

menepati (keep their) I-PER I-PER I-PER I-PER 

janjinya (promises) I-PER O I-PER I-PER 

apabila (when) I-PER O O O 

ia (they) I-PER O O O 

berjanji (promise) I-PER O O O 
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Table 7 shows examples of cases where the three models incorrectly predict level-2 entities. This shows that 

the three models are not yet able to consistently extract people entities, especially people entities at level- 

4. CONCLUSION 

In this study, we compared several supervised learning models in extracting people entities from the Quran. These 

models include IndoBERT, BiLSTM-CRF, and CRF. Based on experimental results, we found that deep learning-

based models have high performance in extracting people entities, these models are BiLSTM-CRF and IndoBERT 

models, where BiLSTM-CRF with FastText (skip-gram) features is the model that produces the highest performance 

based on the obtained F1 score. BiLSTM-CRF model is able to produce an F1 score in extracting entities at level-1 of 

81% and entities at level-2 of 76%, on average 78.5%. We also found that the three models built had difficulties in 

classifying the O+I-PER label, where only BiLSTM-CRF and IndoBERT models were able to classify it with an F1 

score of more than 44%. This indicates that the performance of the three models in entity extraction at level-2 is not 

yet optimal. For further research, due to the lack of training data for nested entities, which causes low performance 

when extracting nested entities, additional training data can be done to improve the performance of the model to be 

built. In this study, training was only carried out on joint-tag labels; however, the use of alternative model training 

strategies can also be applied to improve the overall performance of the model to be applied. In this particular study, 

nested entities are restricted to level-1 only. For further research, the nested entity level can be increased so that it can 

extract more complex entities. 
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