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1. Introduction 
The Bidirectional Encoder Representations from Transformers (BERT) method has been widely 

used in various Natural Language Processing (NLP) tasks due to its highly impressive performance [1], 

[2]. BERT is a Transformer-based model [3] that implements two training strategies based on the 

mechanism of attention to Language Modeling [4]. The language model built on pre-trained BERT is 

trained using the Masked Language Model (MLM) and Next Sentence Prediction (NSP) approaches 

[5]. Deep learning-based language models trained on large amounts of unannotated text have been 

developed for transfer learning efficiency in NLP [6], [7]. To correctly predict words and use them for 

other tasks, it must be trained repeatedly on large amounts of data. The results of the previously trained 

model will be used in other specific tasks, such as text classification [8], sentiment analysis [9], [10], 

POS Tagging [11], and Named Entity Recognition (NER) [12], by updating the weights, referred to as 
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 The pretrained language model in Indonesian is already available for natural 

language processing tasks. However, this pre-trained model has been 

trained on Indonesian text, which has a different structure from the job 

description. Due to this, the pre-trained language model is less effective for 

skill recognition purposes. IndoBERTSkill is a novel pre-trained domain-

specific language model that recognizes Indonesian language skills. It is 

built on the Bidirectional Encoder Representations from Transformers 

(BERT) architecture. IndoBERTSkill was trained on an extensive 

collection of Indonesian language texts from the Indonesian Wikipedia, the 

English Wikipedia, and Indonesian job descriptions from the job portal. 

IndoBERTSkill's performance was evaluated through two main 

approaches: (1) language modeling via Masked Language Model (MLM) 

prediction, and (2) fine-tuning on a custom annotated dataset (NERSkill) 

for Named Entity Recognition (NER) tasks. The fine-tuning process 

involved training a classification layer on top of the IndoBERTSkill model 

using BIO tagging to identify hard skills, soft skills, and technology entities. 

Similarly, the skill recognition model derived from IndoBERTSkill exhibits 

the highest F1-Score among various pre-trained language models, precisely 

at 87%, thus demonstrating robustness and strong generalizability for skill 

entity recognition in Indonesian job descriptions. IndoBERTSkill provides 

valuable resources for developing Indonesian natural language processing 

applications that require skills introduction. This could increase the 

accuracy and efficiency of skills recognition across various domains, 

including job matching, education, and training. 
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fine-tuning. The fine-tuning strategy is widely used because it does not require much labeled data and 

can be more efficient in building models for specific tasks in NLP [13]. 

Several researchers have created domain-specific language models to resolve domain-specific 

problems [14], [15], [16], [17]. These models are built by training the BERT architecture from scratch 

on a domain-specific corpus or by continuous training on models with a similar domain. A Pre-trained 

Language Model (PLM) must have a suitable vocabulary specific to the domain, unlike the original 

BERT model [18]. A suitable domain-specific vocabulary solves NLP problems well [19]. 

Currently, when considering the Indonesian Language, numerous well-known pre-trained language 

models are accessible, including multilingual BERT [4], IndoBERT [20], IndoNLU [21], and 

IndoBERTweet [22]. These models serve as pre-trained solutions for processing Indonesian text. They 

were trained using the same architecture and pre-training methodology as BERT, albeit on a substantial 

corpus of Indonesian text. These models have demonstrated exceptional performance in various 

Indonesian NLP tasks, encompassing sentiment analysis [23], [24], text classification [25],  named entity 

recognition [26], [27], and question answering [28].   

Sentences of job requirements in job vacancies have a different structure than formal sentences, which 

have a subject, predicate, and object structure. The sentence structure in the job description consists of 

several sentences arranged in Predicate, Object, and Description. Fig. 1 shows a sample of job vacancies 

in the Indonesian Language. 

 

Fig. 1.  A sample of job vacancies in the Indonesian Language. 

The presentation of information on job vacancies often uses a mixed language, Indonesian and 

English. This problem causes the identification of skill entities in job vacancies to require a pre-trained 

BERT model trained on the corpus of job requirements to get the best performance when fine-tuning 

BERT. Fig. 2 shows a sample of recognition of Indonesian skills. 

 

Fig. 2.  A sample of recognition of Indonesian skills. 

Proficient in Networking 
(LAN, WAN, MikroTik) 
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Researchers have explored Skill Extraction from Job Descriptions using machine learning methods 

such as SVM [29], Naïve Bayes [30],  Linear Regression [31], and XGBoost [32]. However, a growing 

trend among researchers is using pre-trained models that have undergone training on extensive datasets 

and can be fine-tuned for specific tasks. Adopting pre-trained models offers advantages by achieving 

high accuracy even with limited training data [33], thereby reducing the time and cost required to 

develop a custom skill extraction model [34]. Skill Extraction from Job Descriptions using pre-trained 

models has been conducted across various languages, including English [35], [36], [37], Russian [38], 

China [39],  German [40], Spain [41], and Lithuania [42]. The emphasis on pre-trained language models 

for Named Entity Recognition (NER) has been highlighted, and a comprehensive survey of existing 

models has been provided in this context. 

In this paper, we present IndoBERTSkill, a novel pre-trained language model for skill recognition 

in job descriptions based on BERT, which efficiently reduces the need to spend high-quality labeled 

skill entity data. In contrast to existing general-purpose Indonesian PLMs such as IndoBERT and 

multilingual PLMs like mBERT, this study introduces a novel domain-specific language model, 

IndoBERTSkill, which is pre-trained exclusively on Indonesian job descriptions and optimized for skill 

entity recognition. This domain encompasses job vacancy content collected from multiple Indonesian 

job portals, characterized by informal formatting, non-standard sentence structures, and extensive code-

mixing between Indonesian and English. 

This work contributes to the development of domain-specific Indonesian NLP by introducing two 

main deliverables. First, we perform domain-adaptive pretraining using an MLM objective on a job 

description corpus enriched with Indonesian-English mixed-language structures. This results in 

IndoBERTSkill, a language model checkpoint specifically adapted to the job recruitment domain, along 

with its vocabulary file. Second, we fine-tune IndoBERTSkill for a NER task to extract skill entities, 

categorized as hard skills, soft skills, and technology, using our annotated NERSkill dataset. This leads 

to a second deliverable: the fine-tuned NER model and labeled dataset for benchmarking. These two 

tasks, MLM-based domain adaptation and NER-based skill extraction, represent complementary 

components for understanding job descriptions in Indonesian. 

2. Method 
This part explains the methodology for developing the IndoBERTSkill model to extract skills from 

job requirements. Several steps were taken in the methodology: data pre-processing, pre-training the 

model language, and NER modelling for skill recognition. An overview of our proposed model is 

presented in Fig. 3. 

2.1. Data Pre-processing Component 
We collected job descriptions from four Indonesian job portals, specifically Indeed, Jobstreet, 

loker.id, and Job.id. Job description data is obtained by extracting data from the job portals using the 

BeautifulSoup Python Library. Subsequently, standard data pre-processing techniques, including 

converting the text to lowercase and removing non-textual symbols, are applied to the 34,966 job 

descriptions, covering 55 unique job categories from the IT sector. The accumulated data was split into 

two separate datasets: the NERSkill dataset, which contains 4,394 job descriptions, and the Pretrain 

dataset, which includes 30,354 job descriptions. Fig. 4 shows sample data from the job descriptions. 

The Pretrain dataset for training the IndoBERTSkill model has no annotations. Compared to the 

data used to train IndoBERT (220 million words) [20]  or IndoBERTweet (409 million words) [22], 

the Pretrain dataset is relatively small. To address this issue, we have included the Indonesian Wikipedia 

corpus, similar to the corpus used in pre-training the IndoBERT model. Furthermore, since the job 

requirements dataset includes Indonesian and English, we have also incorporated the English Wikipedia 

to improve the training data. So the datasets used in IndoBERTSkill combine the Indonesian Wikipedia 

corpus1, English Wikipedia2, and the job requirements dataset. The dataset used in IndoBERTSkill has 

162 million words. 
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Fig. 3.  System Architecture of Our Proposed. 

 

Fig. 4.  Sample data of the job description. 

The NER modeling dataset differs from the one used in the pre-trained language model 

IndoBERTSkill. Job Requirements for the dataset used in the NER-Skill modeling are annotated. This 

dataset is annotated in the BIO (Beginning, Inside, and Outside) tagging format [43]. The job 

requirements used in the NER-Skill modeling are 4,394 rows. We use the NLTK Python Library to 

process word tokenization in the job description. Word tokenization generated from pre-processing job 

descriptions is made into a data frame and then manually labeled by the annotator. Data annotation aims 

to identify hard skills (B-HSkill and I-HSkill), soft skills (B-SSkill and I-SSkill), and Technology entities 

(B-Tech and I-Tech). Writing the NERSkill dataset uses the CoNLL 2003 format, consisting of 3 

columns: sentences, words, and tags. Table 1 shows sample annotated data written in CoNLL 2003 

format. 

 Basic knowledge of photography and videography.  

Minimum 1 year of experience in quality.  

 2 years of experience. Fresh graduates are welcome to apply.  

 Assist in process improvement within the workplace.  

 Minimum 1 year of experience in the same field. Skills: ... 
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Table 1.  The annotated data sample in the NERSkill dataset. 

Sentence# Word Tag 
sentence 1 mengerti / proficient O 

 Jaringan / network 
, 

B-HSkill 

O 

 hosting B-HSkill 

 Server 

, 

I-HSkill 

O 

 program B-Tech 

 php 

, 

I-Tech 

O 

 git B-Tech 

The NERSkill dataset has considerable class imbalance, with most tokens labelled as non-entities 

(O), representing 84.49% of the total data.. In contrast, skill-related entities are much less frequent, 

including B-Tech (4.13%), B-HSkill (4.06%), I-HSkill (2.75%), B-SSkill (2.60%), I-Tech (1.05%), 

and I-SSkill (0.92%). 

2.2. Vocabulary 
Before job descriptions are utilized as inputs for constructing the IndoBERTSkill language model, 

we must create a set of tokens for word-level tokenization in the job descriptions. The vocabulary (vocab) 

in IndoBERTSkill consists of a collection of tokens or subwords that are used to train and evaluate the 

IndoBERTSkill model.  The vocab in IndoBERTSkill is established through WordPiece tokenization 

[1], a tokenization technique that maps words or phrases within text to smaller tokens or subwords. 

Each token present in the IndoBERTSkill vocab is assigned a distinct numeric index. The vocabulary 

structure in IndoBERTSkill consists of 31,923 tokens. The input text undergoes a conversion process 

into a sequence of numbers (word embeddings), presented in vector form, which can subsequently be 

input into the IndoBERTSkill model. 

2.3. Pretain Model Language IndoBERTSkill 

IndoBERTSkill is built on the Transformer architecture, an artificial neural network that processes 

sequential data, such as job descriptions, by paying attention to different parts of the input. In the 

context of Transformer, attention is a mechanism used to compute the relevance of various parts of the 

input sequence when output is generated. Word embeddings as input sequences are then given positional 

information using Positional Encodings. These encodings are calculated based on the position of tokens 

in the sequence and are designed to provide unique positional information for each token. This allows 

the model to understand the importance of token positions and their semantic meaning. Positional 

encoding is applied using Equations (1) and (2). 

𝑘𝑘(𝑖𝑖,2𝑝𝑝) = sin( 𝑖𝑖

10000
2𝑝𝑝
𝑑𝑑

)  (1) 

𝑘𝑘(𝑖𝑖,2𝑝𝑝+1) = cos( 𝑖𝑖

10000
2𝑝𝑝
𝑑𝑑

)  (2) 

which k refers to ‘Positional Encoding’ , i stands for the position of the word , p refers to embedding of 

the feature, and d is the word's embedding size. Equation (3) is used for each token's positional encoding. 

𝑠𝑠𝑖𝑖 =  𝑡𝑡𝑖𝑖 + 𝑘𝑘𝑖𝑖  (3) 

The attention mechanism in transformers computes weights for each input token based on its relation 

to the present output token [3]. These weights are then used to determine the weighted sum of the 

input tokens, which is used to create the output token. 

The input sequence 𝒔𝒔 = (𝑠𝑠1, 𝑠𝑠2, . . . , 𝑠𝑠𝑚𝑚) m is the length of the token (we use m=256).  Each 𝑠𝑠𝑖𝑖 ∈ ℝ𝑑𝑑
 

having dimension d=768.  The input sequence s will projected through three matrices  𝑊𝑊𝑄𝑄𝜖𝜖 ℝ𝑚𝑚𝑚𝑚𝑑𝑑𝑞𝑞
, 

𝑊𝑊𝐾𝐾𝜖𝜖 ℝ𝑚𝑚𝑚𝑚𝑑𝑑𝑘𝑘
 and 𝑊𝑊𝑉𝑉𝜖𝜖 ℝ𝑚𝑚𝑚𝑚𝑑𝑑𝑣𝑣  , to yield representations of features Q, K, and V, referred to as Query, 
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Key, and Value, respectively, with dimensions 𝑑𝑑𝑘𝑘 =  𝑑𝑑𝑞𝑞 = 64. The Q, K, and V matrices are computed 

utilizing equation (4). 

  𝑄𝑄 = 𝑠𝑠𝑖𝑖𝑊𝑊𝑄𝑄 , 𝐾𝐾 = 𝑠𝑠𝑖𝑖𝑊𝑊𝐾𝐾    , 𝑉𝑉 = 𝑠𝑠𝑖𝑖𝑊𝑊𝑉𝑉  (4) 

The sequence input will produce attention values 𝒛𝒛 = (𝑧𝑧1, 𝑧𝑧2, . . . , 𝑧𝑧𝑛𝑛) of the length equal to input 𝑧𝑧𝑖𝑖 ∈
ℝ𝑑𝑑𝑧𝑧

. Each attention element is calculated using equation (5). 

𝑧𝑧𝑖𝑖 = ∑ 𝛼𝛼𝑖𝑖𝑖𝑖(𝑠𝑠𝑗𝑗𝑊𝑊𝑉𝑉)𝑛𝑛
𝑗𝑗=1   (5) 

Each weight coefficient is calculated using the softmax function in equation (6). 

𝛼𝛼𝑖𝑖𝑖𝑖 =
exp𝑒𝑒𝑖𝑖𝑖𝑖

∑ exp𝑒𝑒𝑖𝑖𝑖𝑖𝑛𝑛
𝑘𝑘=1

     (6) 

Each 𝑒𝑒𝑖𝑖𝑖𝑖  is calculated using equation (7). 

𝑒𝑒𝑖𝑖𝑖𝑖 =
(𝑠𝑠𝑖𝑖𝑊𝑊𝑄𝑄)(𝑠𝑠𝑗𝑗𝑊𝑊𝐾𝐾)𝑇𝑇

�𝑑𝑑𝑘𝑘
  (7) 

The key innovation of IndoBERTSkill is its capability to train language models on Pretrain datasets 

utilizing the Masked Language Model (MLM) objective [4].  

In this study, we trained IndoBERTSkill models from the ground up using the earlier configuration. 

The training process for IndoBERTSkill employed the MLM objective, as done in previous research [4]. 

Specifically, we randomly selected 15% of tokens and then replaced 80% with "[MASK]", replaced 

another random 10% of tokens, and left 10% of the tokens unaltered. The IndoBERTSkill training 

approach is similar to that of IndoBERT [20]. We used a Transformer encoder with 12 hidden layers 

(dimension = 768), 12 attention heads, and three hidden feedforward layers (dimension = 3,072). The 

only distinction is the maximum sequence length, which was fixed at 256 tokens based on the average 

number of tokens in the job description. We used a learning rate of 1e-4, a batch size of 64, a dropout 

rate of 0.1, warmup steps of 10,000, weight decay of 10, and 300 epochs (448.500 steps). We apply 

gradient accumulation every 4 steps and do not use early stopping. Overfitting is monitored through 

validation loss. 

2.4. Skill Recognition 

To extract skills from job descriptions, a NER model is utilized. This NER model is fine-tuned on 

the pre-trained IndoBERTSkill language model. The training process uses the NERSkill dataset with a 

strategy of updating the IndoBERTSkill model weights and classification heads to optimise model 

performance. The NER Skill model adds a linear layer and softmax activation to identify entities. We 

selected one hyperparameter recommended by Devlin et al.’s study [4] in fine-tuning the model: a 

learning rate of 3e-5, dropout = 0.2, epoch = 5, and batch size = 32.  

Training and evaluation of models in the fine-tuning phase used a maximum sequence length of 128 

and 256 tokens. To handle job descriptions that exceeded this length, we used a truncation strategy.  

This was done because the average number of words in job postings in the NERSkill dataset was 133.48 

words. 

2.5. Evaluation 

We evaluated the model's ability to predict the next word in a sequence of words in the 

IndoBERTSkill language model. NER model was evaluated at two levels: token level and entity level. 

At the token level, metrics are calculated as independent token classification and use micro-F1. At the 

entity level, the CoNLL 2003 evaluation protocol is used, where predictions are considered correct only 

if the label and entity span match exactly. Partial predictions are considered incorrect. The main F1 score 

reported is micro-F1 at the entity level, in accordance with NER evaluation standards. 
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We use a confusion matrix to obtain the micro-F1 value.   The matrix will have four cells representing 

the possible outcomes of each prediction: true positive, false positive, true negative, and false negative. 

F5 shows a table of the confusion matrix. 

 

Fig. 5.  The confusion matrix. 

Based on this confusion matrix, each entity is evaluated by using Precision, Recall, and micro F1-

Score [44]. The metrics used for the model's evaluation are calculated using equations 5, 6, and 7. All 

evaluations were performed on varying token lengths (128 and 256) to test the model's capability to 

generalize across different input sequences. 

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 = 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃
𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃+𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃

  (8) 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 = 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃
𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 _𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹 𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛

  (9) 

𝐹𝐹1 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 = 2 𝑥𝑥 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 𝑥𝑥 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅
𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃+𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅

  (10) 

3. Results and Discussion 
In this section, we will explain the results of pre-trained IndoBERTSkill by doing [MASK] in the 

job requirements sentence. The NER model is evaluated by calculating precision, recall, and F1-score. 

3.1. IndoBERTSkill 
The IndoBERTSkill language models were trained from scratch on an NVIDIA A100-SXM machine. 

The IndoBERTSkill training model used hyperparameters including a learning rate of 1e-04, a dropout 

rate of 0.1, a batch size of 64, 300 epochs, and 448.500 steps, resulting in 110.591.667 parameters. The 

vocab size used in IndoBERTSkill is 31.923, the same as that used in IndoBERT [20]. As the baseline 

performance to evaluate the IndoBERTSkill pre-trained model language, we use Multilingual BERT [4] 

and IndoBERT [20]. Table 2 shows a sample result of tokenizing a job description using vocabulary in 

the IndoBERTSkill pre-trained model language and the baseline. 

Table 2.  A Sample result of the tokenized job description. 

Comparison Model 
Sample Job description: 

“mengerti (Proficient)  jaringan (network), hosting server, 
program PHP dan (and) git” 

 Vocabulary Result 

Baseline 

BERT Multilingual by 

Vaswani [4] 

['[CLS]', 'men', '##gert', '##i', 'jaringan', ',', 'hosting', 'server', ',', 

'program', 'php', 'dan', 'gi', '##t', '[SEP]'] 

  

Koto et al. [20] ['[CLS]', 'mengerti', 'jaringan', ',', 'hosting', 'server', ',', 'program', 

'php', 'dan', 'gi', '##t', '[SEP]'] 

Our Propose IndoBERTSkill ['[CLS]', 'mengerti', 'jaringan', ',', 'hosting', 'server', ',', 'program', 
'php', 'dan', 'git', '[SEP]'] 

Table 2 shows the word "git" when tokenized using IndoBERTSkill; it is recognized as a single word, 

"git". However, in Multilingual BERT [4] and IndoBERT [20], it is treated as an out-of-vocabulary 

word and tokenized into "gi" and "#t". This was the result of the word "git," which is a technology name 
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frequently appearing in job descriptions. These differences in tokenization can affect the performance of 

pre-trained language models when predicting words found in job description sentences.  

We evaluated the performance of the IndoBERTSkill model by performing ‘[MASK]’ on the sample 

job description sentences. Furthermore, the IndoBERTSkill models will predict the covered word. Table 

3 displays the hidden word prediction results for the example job description sentence, which can be 

performed very well by the IndoBERTSkill pre-trained models compared to the BERT Multilingual and 

IndoBERT pre-trained models. The pre-trained BERT Multilingual and IndoBERT models can 

recognize Indonesian sentences but cannot recognize specific words in job description sentences. 

Therefore, during IndoBERTSkill training, a vocabulary set contains specific words from job description 

sentences. This vocabulary set is then used for sentence tokenization during training. 

Table 3.  A Sample result of predicting [MASK] of the word. 

Comparison Model  

Sample Job description: 
“pengalaman (Experience) sebagai (as) 

designer(designer) [MASK]/ux selama (for) 5 

tahun (year)” 

Prob. Result 

Baseline 

BERT Multilingual 

[4] 

pengalaman sebagai designer U/ux selama 5 tahun 0.17 False 

IndoBERT [20] pengalaman sebagai designer b/ux selama 5 tahun 0.04 False 

Our Propose IndoBERTSkill pengalaman sebagai designer ui/ux selama 5 tahun 0.959 True 

3.2. NER Skill Modelling 
We performed fine-tuning on the pre-trained IndoBERTSkill on the NERSkill dataset for NER-

Skill modelling. We used the Adam optimiser with a learning rate of 3e-5, five epochs, and a batch size 

of 32. Fig. 6 shows the training loss on IndoBERT fine-tuning. Because the job descriptions have token 

lengths between 128 and 256, we evaluated our model's performance through fine-tuning, employing 

two different token lengths: 128 and 256. Fig. 6 shows training loss and validation loss during fine-

tuning IndoBERTSkill. Fig. 2 shows that in the third epoch, validation loss starts to increase, even 

though training loss continues to decrease. The decision to set the hyperparameter to 5 epochs for fine-

tuning in IndoBERTskill suggests that the NER-Skill model maintains a favorable level of 

generalization. 

 
 

(a) (b) 
Fig. 6. Training Loss and Validation Loss on Fine-Tuning IndoBERTSkill. 

We use the confusion matrix to evaluate IndoBERTSkill’s performance in recognizing Indonesian 

language skills. Model performance is evaluated at the token level and entity level. At the token level, 

model performance is calculated based on all entities. Meanwhile, at the entity level, model performance 

is calculated without including entity O. Fig. 7 illustrates the confusion matrix results for a maximum 

token length of 128, whereas Fig. 8 illustrates the results for a maximum token length of 256. 
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Fig. 7(a) shows that the model evaluated using a confusion matrix at the token level indicates that 

the model often predicts tag ‘O’ in the job description even when it should be tag ‘B-HSkill’ or tag ‘I-

HSkill’, resulting in a false positive. On the opposite side, the model often fails to recognize the presence 

of tag ‘B-HSkill’, tag ‘B-SSkill’, or tag ‘I-HSkills’, even when the tag is present, resulting in a false 

negative. Fig.7(b) The result of the confusion matrix at the entity level indicates that the model often 

predicts the tag ‘B-Tech’ and tag ‘I-Skill’ in the job description even when it should be tag ‘B-HSkill’, 

resulting in a false positive. On the other hand, the model often fails to detect the presence of the tag 

‘B-Tech’, even when the tag is present, resulting in a false negative. 

  

(a) (b) 
Fig. 7. The result of the confusion matrix in token lengths: 256. (a) at token level;(b) at entity level. 

Fig. 8 illustrates a more comprehensive capture of tags compared to Fig. 7. This discrepancy can be 

attributed to the distinct token lengths 128 and 256. Despite their differing token lengths, the prediction 

outcomes are nearly identical. Notably, when considering entity-level predictions, the model with a 

token length of 256 tends to mistakenly predict the 'O' tag in job descriptions even when it should be 

tagged 'B-HSkill' or 'I-HSkill'. Similarly, at the entity level, the model often predicts 'B-Tech' and 'I-

Skill' tags in job descriptions when they should be tagged as 'B-HSkill' tags. Additionally, the model 

frequently needs help to identify the presence of the 'B-Tech' tag correctly. 

 

 

(a) (b) 
Fig. 8. The result of the confusion matrix in token lengths: 256. (a) at token level;(b) at entity level. 
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By examining the confusion matrix values, we can derive various performance metrics that aid in 

comprehending the performance of IndoBERTSkill. Table 4 shows the results of the NERSkill Model 

evaluation at the token level. 

Table 4.  The evaluation results of the NERSkill Model at the token level. 

Tag m=128 m=256 

 P R F1 P R F1 
B-HSkill 59.26% 65.81% 62.36% 64.57% 61.87% 63.19% 

B-SSkill 71.96% 87.14% 78.83% 79.73% 83.57% 81.61% 

B-Tech 84.29% 84.30% 84.29% 85.38% 84.30% 84.84% 

I-HSkill 65.21% 52.28% 58.03% 70.24% 56.09% 62.37% 

I-SSkill 68.76% 54.96% 61.09% 80.15% 53.59% 64.24% 

I-Tech 73.36% 59.97% 65.99% 80.17% 64.12% 71.25% 

O 95.54% 95.37% 95.46% 95.28% 96.80% 96.03% 

Average 74.05% 71.40% 72.29% 79.36% 71.48% 74.79% 

*m=token lengths, P= Precision, R= Recall, F1= Micro F1-Score 

Table 4 indicates that the 'O' tag achieves the highest F1-Score for both token lengths, 128 and 256, 

with scores of 95,46% and 96,03%, respectively. This is because most tokens in the NERSkill dataset 

have O tag. Following the 'O' tag, the 'B-Tech' tag exhibits a notable F1-Score of 84.29% and 84.84%. 

The average F1-Score for token length 128 is 72,29%, while for token length 256 it is 74,79%. 

We also evaluated the NERSkill model at the entity level because we want to focus on identifying 

the skill entities as a whole, including their boundaries and labels. In other words, entities are evaluated 

based on their spans and the correct label. Table 5 shows the evaluation results of the NERSkill Model 

at the entity level. The result shows that the ‘B-SSkill’ tag achieved an F1-score of 96,01% for token 

length 128 and 96,78% for token length 256, which is higher than any other tag. This phenomenon 

arises because a majority of 'B-SSkill' tags correspond to single words in the Indonesian Language, like 

'ulet' (diligent), 'teliti' (precise), and 'cermat' (careful). Consequently, the recognition of 'B-SSkill' is more 

consistent than other tags. The 'I-Tech' tag achieves the lowest F1-score of 74.8% due to the frequent 

confusion between identifying the 'I-Tech' and 'B-Tech' tags, which are often interchanged. For 

instance, 'framework' is labeled as 'B-Tech' in the term 'springboot framework' but as 'I-Tech' in the 

phrase 'php framework'. The average F1-score for the NERSkill Model is 87%. These results 

demonstrate the effective performance of our proposed model in recognising skill entities in job 

descriptions. 

Table 5.  The results of the NERSkill Model evaluation at the entity level. 

Tag m=128 m=256 
P R F1 P R F1 

B-HSkill 85.12% 90.77% 87.85% 86.60% 90.88% 88.69% 

B-SSkill 94.72% 97.34% 96.01% 95.42% 98.18% 96.78% 

B-Tech 92.01% 92.97% 92.48% 92.57% 94.01% 93.28% 

I-HSkill 85.65% 80.42% 82.95% 88.29% 84.27% 86.24% 

I-SSkill 94.38% 83.00% 88.32% 95.31% 86.61% 90.75% 

I-Tech 80.76% 69.65% 74.80% 86.23% 75.31% 80.40% 

Average 88.77% 85.69% 87.07% 90.74% 88.21% 89.36% 

*m=token lengths, P= Precision, R= Recall, F1= Micro F1-Score 

The results of the evaluation of the NER-Skill model compared to the baseline model on our 

NERSkill dataset are shown in Table 6. In the token-level evaluation, it can be seen that the NER-Skill 
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model adapted to IndoBERT achieved the highest micro F1 score of 78.59%. This outcome is attributed 

to the accurate predictions of the 'O' tag. However, our models achieved the highest F1 score on the 

skill entity recognition task, outperforming the previous state-of-the-art model by a significant margin. 

Specifically, NER-Skill model from fin-tuning IndoBERTSkill achieved an F1-score of 87%, 0.5% 

higher than the previous state-of-the-art model. This result demonstrates the superiority of 

IndoBERTSkill over the baseline model for recognizing skill entities in job requirements. The ablation 

study results show that the pre-training process is critical for improving the performance of the models, 

and training on domain-specific data further improves their performance. 

Table 6.  Comparison result for NER modeling. 

 Pre-trained 
Language Model 

Token level Entity level 
 P R F1 P R F1 

Baseline 

BERT [4] 81.68% 75.03% 77.70% 87.9% 85.9% 86.3% 

IndoBERT [20] 81.65% 76.47% 78.59% 87.4% 85.7% 86.5% 

Our Propose IndoBERTSkill 74.05% 71.40% 72.29% 88.77% 85.69% 87.07% 
* P= Precision, R= Recall, F1= Micro F1-Score 

The limitation of this study is its reliance on a single annotated dataset (NERSkill) for evaluation. 

Although this dataset covers various types of jobs in the IT sector collected from various job portals and 

includes a mixture of Indonesian and English language formats, it may not cover the entire spectrum of 

job description structures used in various sectors. This may limit the generalisation of IndoBERTSkill 

to highly specific or underrepresented domains. As such, its long-term applicability may require 

continual updating with dynamic corpora and the exploration of newer pre-training objectives such as 

span prediction or contrastive learning. 

The extracted skills from IndoBERTSkill are intended for downstream applications such as 

automated job matching, curriculum development, career recommendation systems, and labor market 

analytics. For example, recognized skills can be mapped to individual candidate profiles or academic 

syllabi to assess alignment with current industry demands. Furthermore, job portals and HR platforms 

can integrate IndoBERTSkill to enhance recruitment workflows by automatically tagging vacancies with 

structured skill metadata. 

3.3. Error Analysis 
Although IndoBERTSkill shows promising results, several challenges arose during development. 

First, there was high variation in the structure, length, and vocabulary of the job description dataset. 

Many entries had grammatical inconsistencies and followed non-standard formats, which made the 

annotation process difficult. In addition, the presence of multilingual content, especially a mixture of 

Indonesian and English, added complexity to the tokenisation and vocabulary representation processes.  

IndoBERTSkill consistently improves recognition of domain-specific terms such as "UI/UX", "Node.js", 

and "content writing", which are often split or misclassified by general models like IndoBERT and 

mBERT. This improvement is primarily due to the adapted vocabulary and pretraining on job-specific 

language, which enables the model to treat such tokens as cohesive entities. Although performance has 

improved, this model still exhibits some recurring errors, such as ambiguous tokens. Words like 

“framework” can be tagged inconsistently depending on context. For example, the word “framework” 

has the label B-Tech in the phrase ‘framework springboot’ or the label ‘I-Tech’ in the phrase ‘php 

framework.’. 

4. Conclusion 
This paper presents IndoBERTSkill, a domain-specific pre-trained language model built on the 

BERT architecture, specifically designed for recognizing skill entities in Indonesian job descriptions. 

IndoBERTSkill demonstrates competitive performance with an F1-score of 87.07%, outperforming 

existing Indonesian pre-trained models such as IndoBERT and Multilingual BERT. The key 

contributions of this work lie in (1) the development of a specialized language model tailored to the 
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structure and vocabulary of Indonesian job descriptions, (2) the creation and annotation of the NERSkill 

dataset using BIO tagging formats, and (3) a comprehensive evaluation framework including fine-tuning, 

hyperparameter optimization, and both token-level and entity-level performance analysis. The findings 

contribute significantly to the broader field of Natural Language Processing (NLP), particularly in the 

under-researched context of low-resource and mixed-language environments. IndoBERTSkill holds 

substantial potential for real-world applications such as automated job matching, intelligent recruitment 

systems, career recommendation engines, and talent management platforms, where accurate extraction 

of skill entities is essential. Despite its strengths, this study also recognizes several limitations, including 

the use of a single annotated dataset for evaluation and the challenges posed by mixed-language input. 

Future work should address these by incorporating more diverse job domains, adapting to emerging 

language trends, and exploring alternative pre-training strategies to enhance the model’s generalizability 

and robustness. 
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