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1. Introduction

Named entity recognition (NER) is an information extraction subtask in finding and classifying named entities
mentioned in text into predefined categories such as a person's name, places, and organizations. The term
Named Entity (NE) emerged at the sixth Message Understanding Conference (MUC-6) [1], where the detection
of NEs was to classify proper nouns defining a Person (pers), Location (loc), or Organization (org). These
named entities are grouped in ENAMEX (Entity Name Expression) category. In addition, two categories were
used for numerical expressions (NUMEX) and temporal expressions (TIMEX). NER has an important role in
natural language processing or other text-based knowledge applications, such as text classification [2], text
summarization [3], [4], optimizing information retrieval engine algorithms [5], [6], and text-based
recommendation systems [7].

Data-driven modeling or machine learning has become increasingly common, providing practical
solutions to many problems, especially NER. In NER, machine learning systems operate by segmenting texts
into sequences of W; words. Each word is assigned a C; class, generally using the BIO annotation format [8].
NER-based machine learning may use multiple clues and features. Texts may also be segmented into phrases
if necessary. Machine learning models in NER includes Naive Bayes Classifier [9], Conditional Random Field
(CRF) [10], [11], [12], [13] Bi-directional Long Short-Term Memory Conditional Random Field (BiLSTM-
CRF) [14], and Transformer [15], [16], [17], [18], [19]. Of all these models, CRF is one of the baseline models
in NER.

While machine learning models have a substantial impact on the success of a text analysis process, the
preprocessing procedures may also influence this performance noticeably. As reported by Hickman et al.
(2022), several text preprocessing procedures can help improve the validity of subsequent text analysis [20].
Standard procedures in NER are to apply stopword removal [21], lowercase conversion [13], [22], and
stemming [23]. Contractions expansion is a commonly used in text analysis [24], [25]. This preprocessing form
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can be added in preprocessing procedures for NER. In addition, since numbers, commas, hyphens are often
seen as clues in identifying a named entity, number to words conversion and hyphen-comma splitting can be
considered possible text preprocessing procedures. Despite having a potential impact on the final performance
of the application, text preprocessing has not received attention in the text analysis application literature,
especially the impact of text preprocessing in the named entity recognition application in Indonesian texts.
This work investigates the impact of several preprocessing procedures for CRF based NER, including
contractions expansion, lowercase conversion, stemming, number to words conversion, and hyphen-comma
splitting in Indonesian text and on a general text-domain. In this way, this work contributes to extensively
assessing the impact of preprocessing tasks on the named entity recognition success in Indonesian text at
various feature dimensions and possible interactions among these tasks to find the fittest preprocessing
procedures for a CRF based NER model compelling performance. Contractions expansion, lowercase
conversion, stemming, number to words conversion, and hyphen-comma splitting are abbreviated as CE, LC,
ST, NWC, and HCS, respectively. The experimental settings are briefly described in the following sections.

2. Method

Figure 1 shows the flowchart of experimental methods on text preprocessing in Indonesian NER based
on CRF. The process consists of text preprocessing, feature extraction, CRF model training, hyperparameter
optimization, CRF model evalution, and performance comparison. The methods are briefly described in the

following subsections.
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Figure 1. Flowchart of Experimental Methods on text preprocessing in Indonesian NER based on CRF.

2.1 Text Preprocessing
Text preprocessing is usually the first step in the process of building machine learning model, including
NER model. There are various of text preprocessing procedures. This research limits the scope to five
preprocessing steps to be considered.
1. Contractions Expansion
Expands contractions, abbreviations, and acronyms to complete sentences, reducing vocabulary size. One
technique in doing this step is dictionary mapping. A list of pairs of abbreviations and abbreviations from
the official dictionary of the Indonesian language compiled by Language Development and Fostering
Agency and published by Balai Pustaka, namely Kamus Besar Bahasa Indonesia, is used.
2.  Lowercase Conversion
Make all text lowercase to reduce vocabulary size.
3. Stemming
Remove morphological affixes from words to get the word stem. In this study, we use the Indonesian
stemmer library, namely Sastrawi. The Sastrawi stemmer is based on Nazief and Adriani algorithm [26],
then enhanced with the CS (Confix Stripping) algorithm [27], the ECS Algorithm (Enhanced Confix
Stripping) [28], and Modified ECS [29].
4.  Number to Words Conversion
Convert numeric form to the form of words. In this study, we use the num2words library.
5. Hyphen-Comma Splitting
Split the text by hyphen and comma characters, then keep the characters.
2.2 Feature Extraction
In machine learning, translating raw data into numerical features that can be processed while keeping the
information in the original data set is called feature extraction. This research limits the scope to ten types basic
features to be considered.
1. The word,
2. The length of the word or number of characters,
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3. Prefixes and suffixes of the word of varying lengths,
4. The word in lowercase,
5. Stemmed version of the word, which deletes all vowels along with g, y, n from the end of the word, but

leaves at least a two long character stem,
6.  Punctuation mark clue,
7. Digit clue,
8.  Word POS tag,
9.  Features number (1) to (8) for the previous word, the following word, and the words two places before

and after, and
10. Sentence's beginning (BOS) clue or the sentence’s ending (EOS) clue.
2.3 Conditional Random Fields

Conditional Random Fields is a probabilistic statistical model that is commonly utilized for segmenting
and labeling sequence data [30]. Given a set of words w;, w,, ws, ..., w,, With named entity tag ne;, ne,, nes,
..., ney, in sentence S with length n, then it will be used as features to guess the correct entity label of word w;.
The weighted sum of features determines the likelihood of a labeling result. CRF training aims to assign
appropriate weights to all characteristics while minimizing negative log-likelihood or penalizing negative log-
likelihood using the training data [31].

The generalized iterative scaling (GIS) technique was initially designed to train maximum entropy models
[32]. Later on, it became well known because it is used in the training procedure for CRF [30]. Other
approaches to CRF training that use gradient-based numerical optimization algorithms have been proposed
because GIS is extremely slow to converge [33]. The limited memory variable metrics (L-BFGS) technique is
now a de-facto standard. The L-BFGS method is developed from the second-order Taylor expansion and is a
second-order method. L-BFGS greatly surpasses GIS and other gradient-based algorithms in terms of
convergence rate. Due to this fact, this research use L-BFGS in the CRF training step.
2.4 Hyperparameter Optimization

A hyperparameter configuration for machine learning models directly impacts the model’s performance
[34]. However, it is unclear how to best set a hyperparameter for a given dataset. Furthermore, many machine
learning models have several hyperparameters that can interact nonlinearly. It is common to select a set of
hyperparameters that provide a model with the best performance on a dataset. This selection process is called
hyper-parameter optimization, hyperparameter tuning, or hyperparameter search. A hyperparameter
optimization procedure involves defining a search space that can be thought of as an n-dimensional volume.
Each hyperparameter represents a different dimension. The dimension is the hyperparameter values that may
take on, such as categorical, real-valued, or integer-valued. A point in the search space is a vector with a specific
value for each hyperparameter value. The goal of the optimization procedure is to find a vector that results in
the best performance of the model after learning, such as maximum accuracy or minimum error. This research
use one of the simplest and most common optimization methods, Random Search. Random Search defines a
search space as a bounded domain of hyperparameter values and randomly sample points in that domain [35].
2.5 Model Evaluation

The CRF model performance will be evaluated using Precision, Recall, F1-Score used in CoNLL 2003
[36], which can be seen in equation (1), (2), and (3), respectively.

o total correct named entity from model ()
Precision = -
total named entity from model
total correct named entity from model 2
Recall = —
total gold named entity in dataset
2 X Precision X Recall 3)
F1 — score =

(Precision + Recall)

2.6 Experiment Settings

The model was built using Singgalang dataset with a total of 48,977 sentences [37]. There are three types
of entities: person, place, and organization. In this research, the data set is prepared in BIO annotation format.
The experiments will be divided into eight scenarios which are:
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1. CRF: The CRF model training and testing is carried out without text preprocessing.

2. CRF and CE: The CRF model training and testing is carried out with one text preprocessing procedure,
namely Contractions Expansion.

3. CRF and LC: The CRF model training and testing is carried out with one text preprocessing procedure,
namely Lowercase Conversion.

4. CREF and ST: The CRF model training and testing is carried out with one text preprocessing procedure,
namely Stemming.

5. CRF and NWC: The CRF model training and testing is carried out with one text preprocessing procedure,
namely Number to Words Conversion.

6. CRF and HCS: The CRF model training and testing is carried out with one text preprocessing procedure,
namely Hyphen-Comma Splitting.

7. CRF and CE+LC+ST+NWC+HCS: The CRF model training and testing is carried out with five text
preprocessing procedure, namely Contractions Expansion, Lowercase Conversion, Stemming, Number
to Words Conversion, and Hyphen-Comma Splitting.

8. CRF and CE+NWCH+HCS: The CRF model training and testing is carried out with three text
preprocessing procedure, namely Contractions Expansion, Number to Words Conversion, and Hyphen-
Comma Splitting.

The experiment will be carried out by dividing the training and testing data using percentage splitting,
with 33% for testing and 77 % for training. There are three types of entities: person, place, and organization.

3. Result and Discussion

The results of the experiments obtained can be seen in Table 1. The table shows that the highest macro-
average precision is in the first scenario, namely CRF without text preprocessing with 0.858. This relatively
high precision means that CRF model without preprocessing return more relevant named entities than irrelevant
ones. From the aspect of macro-average recall, it can be seen that the highest is in the sixth scenario, namely
CRF and HCS, with 0.798. This relatively high recall means that the CRF and HCS model return the most
relevant named entities. From the aspect of macro-average F1-score, it can be seen that the highest is in CRF
without text preprocessing, CRF and NWC, and CRF and CE+NWC-+HCS with 0.825. However, the difference
between one scenario and another is not significantly different. It can be seen that without the proposed text
preprocessing procedure, CRF could still obtain relatively good results.

TABLE 1
NER MODEL PERFORMANCE

Macro Avg. Macro Avg. Macro Avg.

Mol Precision Recall F1-Score
CRF 0.858 0.796 0.825
CRFand CE 0.854 0.796 0.824
CRFand LC 0.837 0.757 0.795
CRFand ST 0.821 0.757 0.787
CRF and NWC 0.855 0.797 0.825
CRF and HCS 0.850 0.798 0.823
CRF and CE+LC+ST+NWC+HCS 0.826 0.746 0.784
CRF and CE+NWC+HCS 0.857 0.796 0.825

Table 2 shows more comprehensive results for Organization named entities in BIO format. It can be seen
that the highest macro-average precision is in the first scenario, namely CRF without text preprocessing, with
0.907 for B-Organization and 0.851 for I-Organization. This relatively high precision means that CRF model
without preprocessing return more relevant B-Organization and 1-Organization than irrelevant ones. From the
aspect of macro-average recall, it can be seen that the highest is in the sixth scenario for B-Organization with
0.831 and the fifth scenario for 1-Organization with 0.798. This relatively high recall means that the CRF and
HCS models return the most relevant B-Organization. Meanwhile, the CRF and NWC models return the most
relevant I-Organization. From the macro-average F1-score aspect, the highest is in the eighth scenario for B-
Organization with 0.866 and the first scenario for I-Organization with 0.819.
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TABLE 2
NER MODEL PERFORMANCE ON ORGANIZATION NAMED ENTITY

Macro Avg. Macro Avg. Macro Avg.

Model Named Enity Precision Recall F1-Score
B-Organization 0.907 0.827 0.865
CRF I-Organization 0.851 0.789 0.819
B-Organization 0.903 0.829 0.864
CRF and CE I-Organization 0.836 0.793 0.814
B-Organization 0.882 0.795 0.836
CRFand LC I-Organization 0.830 0.757 0.792
B-Organization 0.862 0.788 0.824
CRF and ST I-Organization 0.807 0.760 0.783
B-Organization 0.903 0.830 0.865
CRF and NWC I-Organization 0.839 0.798 0.818
B-Organization 0.894 0.831 0.861
CRF and HCS I-Organization 0.830 0.796 0.812
B-Organization 0.868 0.779 0.821
CRF and CE+LC+ST+NWC+HCS I-Organization 0.809 0.747 0.777
B-Organization 0.904 0.830 0.866
CRF and CE+NWCHHCS I-Organization 0.845 0.788 0.815

Table 3 shows more comprehensive results for Person named entities in BIO format. It can be seen that
the highest macro-average precision is in the first and eighth scenario for B-Person with 0.850 and the second
scenario for I-Person with 0.850. This relatively high precision means that both scenarios return more relevant
B-Person than irrelevant ones. Also, CRF and CE return more relevant I-Person than irrelevant ones. From the
aspect of macro-average recall, it can be seen that the highest is in the eighth scenario for B-Person with 0.731
and the sixth scenario for I-Person with 0.681. Compared to Organization named entity, this recall is slightly
lower. From the macro-average F1-score aspect, the highest is from the eighth scenario for B-Person with 0.786
and the first scenario for 1-Person with 0.705.

TABLE 3
NER MODEL PERFORMANCE ON PERSON NAMED ENTITY

Macro Avg. Macro Avg. Macro Avg.

Model Named Enity Precision Recall F1-Score
B-Person 0.850 0.729 0.785
CRF |- Person 0.734 0.679 0.705
B- Person 0.848 0.729 0.784
CRF and CE I- Person 0.731 0.677 0.703
B- Person 0.845 0.713 0.773
CRFand LC I- Person 0.745 0.657 0.698
B- Person 0.823 0.700 0.757
Lt I- Person 0.722 0.677 0.699
B- Person 0.848 0.727 0.783
CRF and NWC I- Person 0.730 0.677 0.702
B- Person 0.845 0.730 0.783
CRF and HCS I- Person 0.729 0.681 0.704
B- Person 0.828 0.693 0.755
CRF and CE+LC+ST+NWCHHCS "o 0733 0657 0,603
B- Person 0.850 0.731 0.786
CRF and CE+NWC+HCS I- Person 0.736 0674 0.704

Table 4 shows more comprehensive results for Place named entities in BIO format. It can be seen that the
highest macro-average precision is in the eighth scenario for B-Place with 0.939 and the third scenario for I-
Place with 0.872. From the aspect of macro-average recall, it can be seen that the highest is in the first, sixth,
and eighth scenario for B-Place with 0.898. Meanwhile, it can be seen that the highest is in the fifth, sixth, and
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eighth scenario for I-Place with 0.854. Compared to Organization and Person named entity, this recall is
slightly higher. From the macro-average F1-score aspect, the highest is in the sixth and eighth scenarios for B-
Place with 0.918 and the fifth scenario for I-Place with 0.863.

TABLE 4
NER MODEL PERFORMANCE ON PLACE NAMED ENTITY

Macro Avg. Macro Avg. Macro Avg.

Model Named Enity

Precision Recall F1-Score
B-Place 0.938 0.898 0917
CRF I- Place 0.867 0.852 0.859
B-Place 0.938 0.897 0.917
CRF and CE I- Place 0.870 0.851 0.860
B-Place 0.893 0.832 0.862
CRFand LC I- Place 0.828 0.789 0.808
B-Place 0.885 0.826 0.854
CRFand ST I- Place 0.827 0.789 0.808
B-Place 0.937 0.896 0.916
CRF and NWC I- Place 0.872 0.854 0.863
B-Place 0.938 0.898 0.918
CRF and HCS I- Place 0.865 0.854 0.860
B-Place 0.888 0.823 0.854
CRFand CE+HLCHSTHNWCHHCS by 0.827 0.779 0.802
B-Place 0.939 0.898 0.918
CRF and CE+NWC+HCS I- Place 0.868 0.854 0.861

4. Conclussion and Further Research

From the experiments performed, NER model-based CRF without text preprocessing procedure could
still obtain relatively good results. However, some indications using one or a combination of text preprocessing
procedures such as Contractions Expansion, Number to Words Conversion, and Hyphen-Comma Splitting can
improve model performance slightly. Future research must investigate other forms of preprocessing and more
sophisticated machine learning models since there are many text preprocessing procedures and machine
learning models that are not covered in this research.

It can also be seen that both the CRF model without text preprocessing and the CRF model with text
preprocessing are better at recognizing Place named entities, followed by Organization and Person named
entities. This fact is because the Organization and Person named entities have a wider value domain than Place
named entities. Therefore, in future studies, it is necessary to investigate more representative features with
more diverse data sets.
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