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ABSTRACT 
Aim/Purpose The purpose of this paper is to address the gap in the recognition of prior learn-

ing (RPL) by automating the classification of non-formal learning certificates 
using deep learning techniques. This study aims to evaluate the effectiveness of 
different text augmentation strategies—character-level, token-level, and seman-
tic-level—in improving the classification accuracy of these certificates, which 
are crucial for bridging the skills gap in the digital economy. 
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Background Traditional education systems often overlook skills gained through non-formal 
learning, creating a gap between industry needs and academic qualifications. 
This paper addresses this by using BERT-based deep learning models to classify 
non-formal learning certificates, enhanced by text augmentation techniques to 
improve accuracy in mapping them to formal academic standards. 

Methodology This study employs a deep learning approach using Bidirectional Encoder Rep-
resentations from Transformers (BERT) to classify non-formal learning certifi-
cates into seven core computer science courses. The research utilizes text aug-
mentation techniques at character, token, and semantic levels to improve classi-
fication accuracy. A dataset of 525 certificates, collected through data gathering, 
was preprocessed using Optical Character Recognition (OCR) to extract text 
from PDF documents, followed by cleaning and augmentation before training 
the BERT model. 

Contribution This paper addresses the growing need for efficient Recognition of Prior Learn-
ing (RPL) in the context of rapidly advancing knowledge, particularly in the AI 
era, where non-formal learning is becoming increasingly important. We present 
a novel approach to automating the classification and validation of non-formal 
learning certificates using deep learning techniques. The study evaluates and 
compares character-level, token-level, and semantic-level text augmentation 
methods to improve the accuracy of certificate classification. What sets this re-
search apart is the systematic assessment of which augmentation method best 
enhances model performance for RPL tasks, providing new insights into opti-
mizing deep learning models for this purpose. The findings aim to reduce hu-
man error and improve the efficiency of RPL implementation, offering a scala-
ble solution for better integrating or converting non-formal learning into formal 
educational systems. 

Findings The study found that token-level augmentations, particularly word insertion and 
word deletion, significantly improved classification accuracy, with validation ac-
curacies exceeding 88%. Character-level augmentations also contributed to 
model performance, but with slightly lower accuracy. Semantic-level augmenta-
tion via back translation showed the least impact. These results demonstrate 
that token-level text augmentations offer the most effective strategy for enhanc-
ing the classification of non-formal learning certificates in the context of Recog-
nition of Prior Learning (RPL). 

Recommendations  
for Practitioners 

Practitioners should focus on token-level text augmentation techniques, like 
word insertion and deletion, to improve the accuracy of machine learning mod-
els for classifying non-formal learning certificates, enabling better integration 
into formal education and employment pathways. 

Recommendations  
for Researchers  

Researchers should explore combining multiple augmentation techniques (e.g., 
token-level and semantic-level) and investigate advanced models like BERT-
large or multilingual variants for improved classification accuracy. Additionally, 
examining the impact of different OCR tools and preprocessing strategies could 
further enhance non-formal learning certificate recognition. 

Impact on Society The findings of this study have significant implications for improving access to 
education and employment opportunities. By enhancing the recognition of 
prior learning through automated classification of non-formal learning certifi-
cates, this research supports a more inclusive and equitable education system. It 



Mas Diyasa, Puspaningrum, Saputra & Wan Awang 

3 

can help individuals, particularly those with non-traditional educational back-
grounds, gain recognition for their skills, ultimately bridging the skills gap in the 
workforce and promoting lifelong learning in the digital economy. 

Future Research Future research should focus on expanding the dataset to include multilingual 
certificates, which would enhance the model’s ability to generalize across differ-
ent languages and cultural contexts. Additionally, researchers could investigate 
the use of hybrid models that combine BERT with other machine learning tech-
niques to further improve classification accuracy. Exploring the integration of 
real-world data sources, such as employer-verified work experience and addi-
tional non-formal learning formats, could also provide a more comprehensive 
approach to recognizing prior learning. 

Keywords document classification, text augmentation, recognition of past learning (RPL), 
BERT, non-formal learning 

INTRODUCTION  
In today's rapidly evolving digital landscape, the demand for skills in emerging fields, especially in AI, 
has outpaced traditional educational systems. Recognition of Prior Learning (RPL) offers a solution 
to bridge the gap between formal education and industry needs, particularly in recognizing non-for-
mal learning experiences. However, accurately classifying non-formal learning certificates remains a 
significant challenge (Domvo, 2022), especially as the volume of these certificates escalates exponen-
tially. 

This study aims to investigate how different text augmentation techniques can improve the accuracy 
and efficiency of classifying non-formal learning certificates using deep learning models. The research 
questions guiding this study is: Which text augmentation method—character-level, token-level, or se-
mantic-level—most effectively improves document classification accuracy? The main objective is to 
identify the most effective augmentation approach to automate certificate classification, facilitating 
more efficient and scalable implementation of RPL in educational institutions. 

Recognition of Prior Learning (RPL) involves evaluating and acknowledging skills and knowledge 
gained outside formal educational settings (Winstanley & Cunningham, 2023), such as through online 
courses, certifications, or on-the-job training. Traditional education systems tend to overlook Recog-
nition of Prior Learning (RPL) because they prioritize formal qualifications over skills and knowledge 
gained through non-formal learning experiences. However, traditional educational systems often fail 
to keep pace with the rapid advancements in knowledge, especially in fields like AI, where industry 
needs evolve faster than traditional curricula can adapt. 

This research focuses on classifying certificates from non-formal learning experiences into seven core 
courses within the field of computer science, namely Machine Learning, Web Programming, Inter-
face Design, Computer Networks, Game Applications, Mobile Programming, and Project Manage-
ment. By conducting this classification, we can determine the equivalencies between industry-ac-
quired skills and formal academic curricula, facilitating a more effective recognition process. 

To address the complexities of classifying unstructured certificate data, this study employs Bidirec-
tional Encoder Representations from Transformers (BERT) (Devlin et al., 2018), which overcomes 
critical limitations of traditional machine learning (ML) models like Support Vector Machines (SVM) 
(Zamsuri et al., 2023) and K-Nearest Neighbors (KNN) (Sharma et al., 2020). While SVM/KNN rely 
on static features (e.g., TF-IDF) that fail to capture context or semantic nuances, BERT leverages 
contextual embeddings to dynamically understand the meaning and relationships within the data (Z. 
Guo & Nguyen, 2020). BERT’s bidirectional architecture dynamically models word dependencies, 
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enabling reliable classification of ambiguous or noisy text (e.g., OCR errors that provide noise), Tra-
ditional ML models, however, struggle with such noise due to their reliance on rigid, context-agnostic 
features like TF-IDF (Chen et al., 2023). 

Moreover, traditional ML models require large-labeled datasets to generalize effectively. In contrast, 
BERT leverages pre-trained knowledge from vast corpora and enabling strong performance with 
minimal labeled data examples (Lu et al., 2021). This efficiency, combined with synthetic data aug-
mentation, enables BERT to achieve powerful performance even when training data is limited, a crit-
ical advantage for real-world certificate classification tasks. 

Moreover, a critical challenge in document-based classification tasks is the availability of sufficient 
labeled data for training models. In response, this study incorporates synthetic data augmentation 
techniques to artificially expand the training dataset, enhancing the model's ability to generalize and 
handle diverse inputs. These techniques include character-level, token-level, and semantic-level aug-
mentations. Previous research, such as that by Şahin (2022), has shown that character-level augmen-
tation outperforms other techniques in certain tasks, particularly when linguistic nuances need to be 
preserved. However, their research focused on tasks like Part-of-Speech (POS) tagging and Depend-
ency Parsing (DEP), while document classification tasks based on NLP especially those involving 
certificates remain largely unexplored. 

This study aims to fill this gap by comparing the effectiveness of character-level, token-level, and se-
mantic-level augmentations specifically for document NLP based classification tasks. By evaluating 
these techniques, we seek to determine which approach best enhances the accuracy of models trained 
on datasets derived from non-formal learning certificates. The findings will contribute to a deeper 
understanding of how text augmentation can optimize document-level classification, with significant 
implications for recognizing prior learning and improving educational outcomes in the digital age. 

RELATED WORKS 
Previous studies, like a Naive Bayes-based system (Zhang et al., 2024), automate the classification of 
educational reform documents but are limited to form-based documents and Chinese language pro-
cessing. While such studies provide valuable insights into the classification of educational reform 
documents, they focus on structured formats and specific languages, unlike our research which tar-
gets the classification of unstructured educational certificates in English. Moreover, unlike these stud-
ies using traditional ML models, our research leverages BERT, a large language model (LLM), to clas-
sify unstructured English educational certificates. 

Other previous studies, such as the comparison of text-image fusion models for high school diploma 
certificate classification (Atmaja Perdana et al., 2020), focus on image-based classification using 
CNNs and OCR, mainly addressing structured certificates. In contrast, our research advances the 
field by using BERT, a text-based model, to classify unstructured non-formal educational certificates, 
overcoming the limitations of traditional image-based approaches and addressing a broader range of 
document types. 

DOCUMENT CLASSIFICATION 
Document classification, as described by Gopi et al. (2022), involves organizing text documents into 
predefined categories based on their content. This process typically uses supervised learning, where a 
model is trained on a labeled dataset consisting of documents and their corresponding category labels 
(Ibrahem Al-Obaydy et al., 2022). The goal is to develop a model capable of automatically categoriz-
ing new, unseen documents into the appropriate categories. According to Labd et al. (2024), docu-
ment classification has broad applications, including spam filtering, sentiment analysis, topic categori-
zation, and information retrieval.  
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Various machine learning algorithms, such as K-nearest neighbors (Zamsuri et al., 2023), Support 
Vector Machines (SVM) (Sharma et al., 2020), and deep learning models, are commonly used for 
these tasks, as discussed by Jiang et al. (2024). The choice of algorithm depends on factors like data 
type and task complexity, with deep learning models, particularly Bidirectional Encoder Representa-
tions from Transformers (BERT), becoming more popular due to their ability to capture contextual 
relationships within text (Röttger & Pierrehumbert, 2021). 

Image-based document classification often uses multimodal approaches, combining visual features 
and text embeddings from noisy OCR outputs using tools like FastText to improve accuracy, as 
demonstrated by (Audebert et al., 2020), but these methods face challenges with dataset quality and 
fail to capture deep contextual relationships from the machine learning model used, making them less 
effective for text-heavy tasks compared to BERT-based models. While Röttger and Pierrehumbert 
(2021) demonstrate the effectiveness of BERT in temporal adaptation for text-based document clas-
sification using the Reddit Time Corpus, their work does not address image-based document classifi-
cation, which introduces additional challenges such as OCR error noise that are central to this study. 

In our research, we intentionally did not remove OCR-generated noise, instead focusing on observ-
ing the impact of naturally occurring noise in the OCR output. This approach allows us to explore 
how machine learning models, particularly BERT, handle noisy, unstructured datasets without pre-
processing or denoising steps. 

TEXT AUGMENTATION 
Text augmentation, as described by Shorten et al. (2021), is the process of modifying textual data to 
create new, synthetic examples while preserving the original meaning. This technique is widely em-
ployed to expand both the diversity and quantity of data available for machine learning models, 
thereby enhancing their performance. By incorporating subtle alterations into the text, augmentation 
simulates real-world variations, ultimately bolstering model accuracy and enabling them to handle a 
broader range of inputs (Shorten et al., 2021). 

In text augmentation, there are several levels at which modifications can occur, ranging from charac-
ter-level to word/token-level, and even sentence-level. Each level involves different techniques, with 
character-level augmentations typically focusing on changes like character insertion or deletion, while 
word/token-level augmentations modify the text by adding or removing words. Sentence-level aug-
mentation, as discussed by Şahin (2022), may involve rephrasing or altering the structure of entire 
sentences, providing a more comprehensive approach to enhancing textual data. These varying levels 
provide a wide array of methods to enhance training datasets, making them more varied and com-
plex. Text augmentation has been shown to significantly enhance BERT's performance, particularly 
in small and highly imbalanced datasets. For instance, previous research by Hu et al. (2022) demon-
strated a 15.6–40.4% F1 score increase with BERT augmentation compared to the base model, espe-
cially when dealing with limited data (e.g., 500 training documents) and high imbalance ratios (e.g., 
9:1). This approach, combined with BERT fine-tuning, offers a durable solution for improving classi-
fication accuracy in challenging text classification tasks. 

As shown in Figure 1, text data augmentation techniques can be categorized into two broad types: 
the modification of raw data, often referred to as data space, and the alteration of processed data rep-
resentations, which is known as feature space (Bayer et al., 2023). At the character level, methods 
such as character insertion, substitution, and swapping can be employed to introduce variations in 
the data. Koopmans et al. (2023) highlight that character-level augmentation can improve model 
training by generating realistic noise, particularly in datasets that include common errors or misspell-
ings found in everyday writing. Moving to the token level, Wang (2024) explains that this form of 
augmentation focuses on manipulating words or tokens within the text. Techniques like word inser-
tion and deletion are commonly used to introduce additional noise and complexity while preserving 
the overall coherence of the text. In contrast, semantic-level augmentation aims to retain the underly-
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ing meaning of the text while altering its structure. One popular technique at this level is back transla-
tion, which involves translating the original text into a different language and then translating it back, 
thereby generating paraphrases that maintain the semantic content but offer a different structure (Chi 
et al., 2024). 

 
Figure 1. Taxonomy for different text data augmentation methods (Bayer et al., 2023) 

Character insertion, as described by Ke et al. (2023), is a text augmentation technique that involves 
randomly inserting characters at various positions within a given text. By introducing small perturba-
tions to the original text, this method creates synthetically augmented examples that can enhance the 
stability of machine learning models. Another technique at the character level is character deletion, 
where characters are randomly removed from the text (Zaiton & Al-Ansary, 2024). This technique 
introduces noise by omitting specific characters, which simulates common text issues such as typos, 
misprints, or incomplete word entries, ultimately helping to improve the model's ability to handle 
such variations.  

Word insertion, as explained by B. Guo et al. (2022), is a token-level text augmentation technique 
that involves randomly inserting new words into the original text. These words are typically selected 
from a predefined vocabulary or thesaurus, and their inclusion may either alter the meaning or in-
crease the complexity of the text. On the other hand, word deletion, as discussed by Wei and Zou 
(2019), involves removing words from the text. This process introduces variations by omitting cer-
tain parts of a sentence while preserving its overall structure. This technique simulates situations 
where information is missing or where a writer might omit specific words, thus challenging the 
model to handle incomplete input. 

Back translation, according to Mohiuddin et al. (2021), is a semantic-level text augmentation tech-
nique that involves translating a text into a different language and then translating it back to its origi-
nal form. The idea behind back translation is to introduce variations in phrasing and structure while 
maintaining the original meaning of the text. This method proves especially effective for enhancing 
the diversity of training data and improving the generalization of machine learning models by intro-
ducing linguistic variations (Edunov et al., 2018).  

BERT  CLASSIFICATION TASK 
Bidirectional Encoder Representations from Transformers (BERT) is a transformer-based model 
with a bidirectional design that is particularly effective for recognizing and understanding text (Devlin 
et al., 2018; Vu et al., 2021). Unlike previous unidirectional models, BERT processes text in both di-
rections, which allows it to capture a richer context and better understand the meaning of words in 
relation to their surrounding context (Areshey & Mathkour, 2023; Zheng et al., 2022). This architec-
ture has led to significant advancements in various natural language processing (NLP) tasks, includ-
ing text classification, question answering, and named entity recognition (Alshalan & Al-Khalifa, 
2020; Sayeed et al., 2023). 
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BERT also outperforms traditional ML models like SVM/KNN by leveraging bidirectional contex-
tual understanding and large pre-trained vocabularies, addressing their reliance on static features (e.g., 
TF-IDF) and limited generalization. As shown in previous research (Jin et al., 2019), BERT’s archi-
tecture demonstrates durability against adversarial attacks by maintaining semantic integrity, gram-
maticality, and computational efficiency, even with perturbed inputs. 

Related to traditional ML models, recent studies (Cunha et al., 2025) have highlighted the effective-
ness of large language models (LLMs) like LLaMA, BERT, DeepSeek, and Mistral in text classifica-
tion tasks, outperforming traditional models. However, these models come with significantly higher 
computational costs. For example, fine-tuning LLaMA3-70B for classification tasks has shown supe-
rior results, though at a greater computational expense. 

BERT tokenization and embedding 
Tokenization in BERT is a crucial preprocessing step that converts input text into a format suitable 
for processing (Schick & Schütze, 2020). Using WordPiece tokenization, BERT efficiently handles a 
wide variety of words and subwords, enabling it to represent rare or out-of-vocabulary words by 
breaking them into smaller units (Rogers et al., 2020). In addition, BERT employs special tokens like 
“CLS” for classification tasks and “SEP” to separate input segments, which is particularly useful for 
tasks involving multiple sentences (Ettinger, 2020). This tokenization process significantly enhances 
BERT's ability to generalize across languages and in tasks such as sentiment analysis and question an-
swering (Özçift et al., 2021). 

BERT architecture and training 
BERT's architecture consists of stacked layers of transformer encoder blocks, each containing multi-
head attention layers and position-wise feed-forward layers as shown in Figure 2 (Tran & Le, 2023). 
The multi-head attention mechanism allows the model to assign different weights to each word or 
token based on its relevance within the sentence, thereby providing a dynamic understanding of con-
text (Ma et al., 2022). 

 
Figure 2. BERT encoder architecture (Tran & Le, 2023) 

Another key feature of BERT is its positionwise feedforward network (Y. Li & Rockinger, 2024), 
which consists of fully connected layers that process each token in the input sequence independently. 
This design allows the model to learn complex representations while maintaining the order of tokens 
through positional encodings. 

BERT Pre-training and fine-tuning process 
The training process of the model, as outlined by Yang et al. (2024), is divided into two stages: pre-
training and fine-tuning. During pre-training, the model is trained on large, unlabeled datasets, allow-
ing BERT to learn general language patterns and contextual relationships (D. Li et al., 2021). Fine-
tuning, on the other hand, is a more specialized process in which the pre-trained model is further 
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trained on specific labeled datasets (Da Rocha Junqueira et al., 2023). These datasets, such as Multi-
Genre Natural Language Inference (MNLI), Named Entity Recognition (NER), or sentiment analy-
sis, help optimize the model's performance for particular tasks (Su, 2024). 

BERT's impact and configurations 
BERT has had a significant impact on the performance of many NLP tasks, largely due to its pre-
training process. The model has been developed in several variants, such as the BERT-base-uncased 
and BERT-base-cased versions. BERT's bidirectional architecture allows it to capture the full context 
of words more effectively than previous models, which typically processed text in a unidirectional 
manner (Gupta, 2024). This bidirectional contextual understanding enables BERT to dynamically re-
solve ambiguities and outperform traditional ML models like SVM or KNN, which rely on static fea-
tures (e.g., TF-IDF) and lack the ability to interpret word relationships in context. 

The impact of BERT on NLP has been transformative, driving the creation of various adaptations 
and variations, including RoBERTa, ALBERT, and domain-specific models like BioBERT and Fin-
BERT (Dhole et al., 2024). 

COMPUTATIONAL APPROACH  
Traditional image-based document classification, such as the multimodal research approach by 
Audebert et al. (2020), struggles with limited real-world dataset diversity and models (e.g., 
CNN/MLP) that lack contextual understanding. To overcome these limitations, this study employs 
text augmentation techniques to synthetically expand a small dataset of 75 certificates on each label 
into 700 certificate-text data total in this research. By diversifying text data, these methods simulate 
real-world variations (e.g., OCR errors, formatting inconsistencies), enabling resilient model training 
without relying on large-scale image datasets. 

This study systematically applies character-level, token-level, and semantic-level augmentations to en-
hance data variability. While character-level methods introduce noise akin to OCR errors, token-level 
augmentations mimic missing or redundant text in certificates. Semantic-level techniques preserve 
meaning while altering phrasing, ensuring the model learns contextual relationships critical for classi-
fying unstructured certificate data. 

BERT model is chosen for its ability to capture bidirectional context and leverage large pre-trained 
vocabularies, addressing the contextual gaps of traditional models. While studies by Röttger and 
Pierrehumbert (2021) demonstrate BERT’s success in text-based document classification, their work 
relies on pre-digitized text data. In contrast, this study addresses image-based document classifica-
tion, where text extraction from scanned certificates introduces OCR errors and formatting incon-
sistencies. By combining BERT with text augmentation techniques, this study approach ensuring 
sturdiness in scenarios where data is limited and not pre-cleaned/pre-structured. 

METHODOLOGY 
The methodology of this study involves a systematic approach to document classification, starting 
with data gathering and preprocessing. This process followed by the application of various text aug-
mentation techniques, model training, and evaluation to optimize classification performance as 
shown in the Figure 3. 

The Figure 3 illustrates the workflow of a machine learning-based document classification system 
that used in this research study. With a focus on the preprocessing steps and the integration of vari-
ous text augmentation techniques. The process begins with data gathering, where relevant text docu-
ments are collected. This data then subjected to data conversion and data cleaning to transform the 
raw input into a usable format. 
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Figure 3. Research workflow 

Once the data was preprocessed shown in the Figure 3, augmentation techniques are applied to en-
hance the dataset, including methods such as character insertion, character deletion, word insertion, 
word deletion, and back translation. These augmentations introduce variations into the text, enrich-
ing the training data. After augmentation, the model undergoes training, where the augmented data 
was used to refine the model’s ability to classify documents. Finally, the results are evaluated through 
test evaluation, where the model’s performance is assessed based on accuracy and other metrics, 
helping determine the most effective augmentation strategy. 

STEP 1: DATA GATHERING 
The data gathering process in this research utilized web scraping, an automated technique to extract 
relevant information from websites, focusing specifically on retrieving certificates related to various 
course categories from Google Search results. Python-based code implemented using Playwright 
(Almabruk et al., 2025), is a browser automation library, with Chromium in non-headless mode to 
interact directly with Google Search pages. Advanced search operators such as filetype:pdf and inti-
tle:certificate were used to narrow down results, targeting certificates related to specific topics like 
machine learning or programming. Throughout this process, careful attention was given to the ethical 
considerations, including verifying that the data being collected did not violate any copyright re-
strictions. The research ensured that the data gathered was publicly available. 

Once the queries were executed, the scraping tool extracted key details, including titles, URLs, and 
snippets from the search results. Duplicate titles were automatically numbered to avoid redundancy, 
and the program navigated through multiple result pages, clicking "next" until all relevant data was 
gathered. The extracted information was stored in a structured format, such as a list of dictionaries, 
for further processing. The URLs of the collected certificates were then used to automate the down-
loading of the PDF files, which were saved with filenames based on the document titles to ensure 
proper organization and easy identification. This systematic approach streamlined the data manage-
ment process, making the collected data ready for further analysis. Sample data of certificate as 
shown in Figure 4, used in this research. 

 
(a) 

 
(b) 

Figure 4. Sample of certificates data 
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In this study, only English-language data was utilized to ensure consistency and alignment with the 
model's configuration. A total of 525 PDF files were collected through web scraping. As illustrated in 
Figure 4, the data certificate samples are presented, with (a) showcasing an example of a machine 
learning certificate, while (b) displays an example of a web programming certificate. The data was 
evenly distributed across seven course-related classes: Machine Learning, Web Programming, User 
Interface Design, Computer Networking, Game Applications, Mobile Programming, and Project 
Management. 

STEP 2: DATA PREPROCESSING 
In this study, data processing will focus on transforming raw certificate data into a structured format 
suitable for classification. The process includes converting PDF files into images, extracting text us-
ing OCR, and cleaning the data by standardizing text and removing unnecessary elements to improve 
model accuracy and efficiency. 

Data conversion 
Data conversion plays a pivotal role in transforming raw certificate data into a structured format that 
is suitable for analysis and classification. As illustrated in Figure 5, this study involves converting 
PDF data into tabular text data in several steps. 

 
Figure 5. Data conversion steps 

Data processing in this study as shown in Figure 5 begins by converting PDF certificates into high-
quality grayscale images using tools like Poppler, which helps preserve the visual layout and reduces 
complexities in text extraction (Mursari & Wibowo, 2021). These images (e.g., Image.jpg) represent 
the first page of the certificate. If the certificate has multiple pages, multiple images (e.g., Images.jpg, 
Images2.jpg) are generated, with each image corresponding to a single page of the certificate. Optical 
Character Recognition (OCR) technology, such as PyTesseract, was then used to extract machine-
readable text from these images, recognizing characters, words, and sentences. 

Finally, the extracted text was organized into a structured CSV file, where each row corresponds to 
one certificate. Each row also includes the certificate’s category label (to identify the certificate type) 
and the file path to the original PDF. This structure ensures that each row of data contains the details 
of certificate information. 

Data cleaning 
In this research, data cleaning involves three key processes: case folding, filter stopword, and stem-
ming. Case folding standardizes the text by converting all characters to lowercase, which helps reduce 
variability caused by differences in letter casing. This ensures that words like "Machine" and "ma-
chine" are treated as the same entity during model training. Additionally, filter stopword removes 
common words such as "the" and "is" which do not contribute significantly to the meaning of the 
text. These stopwords often appear frequently but add little value to the classification task, making 
their removal essential for improving the model's focus on meaningful terms. 
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The final step in data cleaning was stemming, which reduces words to their base or root form to min-
imize redundancy and improve generalization. For example, words like "running" and "runner" are 
both reduced to "run," ensuring that variations of the same word are treated uniformly. This process 
not only simplifies the dataset but also enhances the model’s ability to recognize patterns across simi-
lar words. 

STEP 3: DATA AUGMENTATION   
In this study, five distinct datasets will be generated, each utilizing a different text augmentation tech-
nique. These techniques—character-level, token-level, and semantic-level augmentations— were se-
lected to handle OCR errors and formatting inconsistencies in non-formal learning certificates. Char-
acter-level techniques like insertion and deletion simulate OCR noise, while token-level augmenta-
tions help the model classify certificates despite missing or redundant text. Whereas semantic-level 
augmentations can add vocabulary variety, they focus on altering the phrasing while preserving the 
meaning, which can introduce more linguistic diversity without changing the core content. 

Character level augmentation 
Character-level augmentation is a technique used to generate synthetic variations of text data by mak-
ing modifications at the character level. This approach is particularly useful for increasing dataset di-
versity and improving model performance. In this study, two primary methods of character-level aug-
mentation were implemented: character insertion and character deletion. 

 
Figure 6. Character-level augmentation 

The first method, character insertion like shown in Figure 6. This process introduces noise into the 
text while preserving its overall structure and meaning. In the implementation, each character in the 
text has a specified probability (e.g., 20%) of being followed by a randomly chosen character from a 
predefined alphabet. 

The second method, character deletion like shown in Figure 6. In the implementation, each character 
in the text has a specified probability (e.g., 20%) of being deleted, which introduces variations while 
preserving the overall context of the text. 

Token level augmentation 
Token-level augmentation is a technique used to generate synthetic variations of text data by making 
modifications at the word level. In this study, two primary methods of token-level augmentation 
were implemented: word insertion and word deletion. 

The first method, word insertion like shown in Figure 7. This process introduces noise into the text 
while preserving its overall structure and meaning. In the implementation, each word in the text has a 
specified probability (e.g., 20%) of being followed by a randomly chosen word from a predefined vo-
cabulary. 
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Figure 7. Token-level augmentation 

The second method shown in Figure 7, word deletion, focuses on removing words from the text at 
random positions like shown in Figure 7. This process introduces noise into the text while preserving 
its overall structure and meaning. In the implementation, each word in the text has a specified proba-
bility (e.g., 20%) of being removed. 

Semantic augmentation 
Semantic-level augmentation focuses on preserving the meaning of the text while introducing varia-
tions in its structure or wording. One of the most effective techniques for achieving this is back 
translation, which involves translating a text from its original language into another language and 
then translating it back into the original language.  

 
Figure 8. Semantic-level augmentation: back translation 

In this study, the back translation method was implemented to augment the dataset by translating 
English text into Chinese (Simplified) and then translating it back into English, as shown in Figure 8. 
This process introduces linguistic diversity into the training set, enabling the model to learn from var-
ied sentence structures while preserving the original meaning of the text. 

STEP 4: CLASSIFICATION USING BERT 
Involves training a BERT-based model for text classification using preprocessed data. The dataset is 
first split into training, validation, and test sets to evaluate the model’s performance effectively. 80% 
of the data was used for training, while the remaining 20% is further divided equally for validation 
and testing. The model utilizes a pretrained BERT-base-uncased model, configured with a tokenizer 
and model settings that accommodate 7 label categories for classification. 
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The BERT-based model used in this research was fine-tuned to classify certificates into predefined 
categories. Fine-tuning leverages a pretrained BERT-base-uncased model, adjusting it to the specific 
task by training on the labeled dataset (Arslan & Cruz, 2024). This allows the model to learn context-
specific patterns that improve classification accuracy. 

During training, the model was compiled using the AdamW optimizer to ensure stable and efficient 
training. For loss computation, the hf_compute_loss function from Hugging Face was used, which 
defaults to SparseCategoricalCrossentropy. This loss function is particularly suitable for multi-class 
classification tasks, where the target labels are integers representing class indices rather than one-hot 
encoded vectors. The model is optimized for accuracy, and during training, the loss is minimized to 
improve classification performance on the dataset. 

 
Figure 9. Model architecture 

As shown in Figure 9, the model architecture consists of the BERT main layer (a stack of encoders), 
followed by a dropout layer in the hidden layer to prevent overfitting. The final layer, the classifier, 
uses a dense layer with a softmax activation function. The classifier outputs 7 logits corresponding to 
the 7 categories, and softmax was applied to these logits to produce probabilities. The category with 
the highest probability is selected as the predicted label. 

𝑓𝑓(𝑥𝑥)𝑖𝑖 =
𝑒𝑒𝑥𝑥𝑖𝑖

∑ 𝑒𝑒𝑥𝑥𝑗𝑗𝑁𝑁
𝑗𝑗=1

 (1) 

The formula for softmax is shown in Equation 1. In the softmax formula (Mehra et al., 2023), x rep-
resents the output values from the previous layer, e refers to the logits for each predicted class, N is 
the total number of output values, and i is the element whose probability is being calculated. The 
sum is computed over all logits j, from 1 to N, to normalize the output into a probability distribution. 
This ensures that the sum of all label probabilities equals 1. 

EXPERIMENT SETUP 
HYPERPARAMETER TRAINING  
Hyperparameter tuning is a critical step in optimizing the performance of machine learning models, 
particularly when working with complex architectures like BERT. In this study, several key hyperpa-
rameters were carefully selected and fine-tuned to achieve optimal classification results. These hy-
perparameters include the optimizer, learning rate, number of epochs, and batch size. By systemati-
cally adjusting these parameters, the goal was to identify the most effective configuration for both 
character-level and token-level augmentations. The AdamW optimizer was chosen for its efficiency 
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in handling large-scale models like BERT, combining adaptive learning rates with weight decay regu-
larization to prevent overfitting during training. For this research, the learning rate was set to 5e-5, 
and epsilon was configured at 1e-08, ensuring stable convergence while maintaining computational 
efficiency. 

The number of epochs was fixed at 5 to balance between model convergence and computational 
cost. Each epoch represents a complete pass through the entire training dataset, allowing the model 
sufficient exposure to the data without excessive resource consumption. The batch size was set to 8, 
striking an appropriate balance between frequent updates to the model weights and efficient utiliza-
tion of GPU memory. This configuration ensures that the models can adapt effectively to the diverse 
range of textual inputs generated by the augmentation techniques, ultimately enhancing their ability 
to classify certificates accurately. 

TRAINING SCENARIO 
In this research, the BERT-base-uncased model was utilized to evaluate the effectiveness of various 
text augmentation techniques in improving classification performance. The primary objective was to 
determine which augmentation method yields the most efficient results and to compare the relative 
performance of character-level augmentations (Character Insertion [CI] and Character Deletion 
[CD]) versus token-level augmentations (Word Insertion [WI] and Word Deletion [WD]). Four dis-
tinct datasets are created using these augmentation techniques, and each dataset is used to train the 
model independently. 

Each of the four datasets was trained independently using the BERT-base-uncased model, ensuring a 
controlled comparison of the augmentation techniques. The training process involves feeding the 
augmented data into the model and allowing it to learn the patterns and features associated with each 
class. This approach enables a direct assessment of how each augmentation technique impacts the 
model's ability to classify certificates accurately. The results from these experiments will provide in-
sights into which augmentation strategy—character-level or token-level—is better suited for improv-
ing model performance in this specific task. 

Table 1. Training scenario 

MODEL AUGMENTATION 

BERT-base-uncased 

Character Insertion 

Character Deletion 

Word Insertion 

Word Deletion 

Back Translation 

As shown in Table 1, the training scenarios used in this study focused on applying various data aug-
mentation techniques to the BERT-base-uncased model. The study aims to provide valuable insights 
into optimizing text classification models using BERT, particularly for scenarios where data variabil-
ity and balance play crucial roles. By systematically assessing the effect of different augmentation 
strategies, the research seeks to identify best practices for improving model generalization across di-
verse datasets. 
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RESULTS 
ACCURACY RESULTS 
The model's performance across different data augmentation techniques shows significant improve-
ment in both training and validation accuracy. Word-based augmentations, particularly word inser-
tion and deletion, resulted in the highest accuracy levels, demonstrating strong generalization capabil-
ities. 

In addition to word-based augmentations, character-level techniques, such as character insertion and 
deletion, also contributed to improvements in model performance, though to a lesser extent. These 
augmentations added noise to the text, helping the model generalize better to minor variations and 
typos in the input data. 

However, semantic-level augmentation, specifically back translation, showed more modest improve-
ments. While it introduced more linguistic diversity into the training set, its impact on accuracy was 
not as significant as word-level augmentations, suggesting that word-based variations are more effec-
tive in enhancing the model's ability to classify non-formal learning certificates. 

 
Figure 10. Model accuracies across augmentation method 

On comparison BERT with traditional ML models as shown in the figure 10, BERT significantly 
outperforms Logistic Regression, KNN, and SVM across all five text augmentation techniques, 
achieving the highest validation accuracies. Word-based augmentations (word insertion: 96.1%, word 
deletion: 97.1%) highlight BERT's strongest performance, while character-based methods (character 
insertion: 91.8%, character deletion: 88.2%) and back translation (93.2%) follow. 
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Figure 11. Accuracy comparison on various scenarios 

The Figure 11 illustrates the training accuracy results across different data augmentation scenarios 
over five epochs. The accuracy for each scenario improves progressively with each epoch. Among 
the augmentation techniques, word deletion yields the highest accuracy, starting at 0.4196 in the first 
epoch and reaching 0.9714 by the fifth epoch. Word insertion also shows strong performance, with 
accuracy increasing from 0.2589 in the first epoch to 0.9607 in the fifth epoch, stabilizing at the 
higher value in later epochs. Back translation follows, showing steady improvements from 0.1982 to 
0.9321. Character insertion and character deletion show similar trends, but their accuracy levels are 
slightly lower than the word-based augmentations, with character insertion achieving 0.9179 and 
character deletion reaching 0.8821 by the fifth epoch. All augmentation techniques, except for char-
acter deletion and back translation, surpass the baseline accuracy of 0.8462, demonstrating their ef-
fectiveness in improving the classification performance over the course of the training epochs. 
Among these augmentation techniques, all surpass the baseline accuracy of 0.8595 by the fifth epoch, 
with word deletion achieving the highest accuracy. 

 
Figure 12. Validation accuracy comparison augmentation scenarios 

The Figure 12 presents the validation accuracy results across different data augmentation scenarios 
over five epochs. Word deletion consistently shows the best validation performance, starting at 
0.7429 in the first epoch and maintaining high accuracy throughout, with a slight drop after the 
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fourth epoch, stabilizing at 0.8857 in the fifth epoch. Word insertion also performs well, with a sig-
nificant improvement from 0.5000 in the first epoch to 0.8857 in the fifth epoch. However, it shows 
a slight decline in performance during the fourth epoch, before recovering in the fifth. Character in-
sertion and character deletion both exhibit moderate improvements across the epochs, with character 
insertion reaching 0.8286 by the fifth epoch and character deletion achieving the same value. Back 
translation, while showing improvement, lags behind the other techniques, starting at 0.2429 in the 
first epoch and gradually improving to 0.8143 by the fifth epoch. Among these augmentation tech-
niques, word insertion and word insertion surpass the baseline validation accuracy of 0.8462 by the 
fifth epoch, with both word insertion and word deletion achieving the highest validation perfor-
mance. 

CONFUSION MATRIX 
The confusion matrix for the BERT model on the five augmented datasets shows the model's ability 
to classify multiple categories accurately. It highlights strong performance, with most instances cor-
rectly classified, though a few misclassifications occur between similar categories. These misclassifica-
tions suggest that the model may struggle with subtle differences between closely related classes, but 
overall, the results demonstrate the model's durable in handling diverse input variations. Further tun-
ing or data adjustments could potentially reduce these errors. 

The results derived from the confusion matrices, displayed in Figure 13, across the five perturbation 
scenarios character insertion (a), character deletion (b), word insertion (c), word deletion (d), and 
back translation (e) demonstrate varying classification performances for different types of dataset al-
terations. 

 

 
(a) 

 
(b) 

 
(c) 

 
(d) 

 
(e) 

Figure 13. Confusion matrix results 

Shown in Figure 13, scenario (a), character insertion, the "game application" and "computer net-
works" labels showed no prediction errors, while other labels experienced some misclassifications. A 
total of 56 data points were correctly predicted, with 14 misclassifications. In scenario (b), character 
deletion, the "game application" and "web programming" labels exhibited no prediction errors, while 
other labels had some misclassifications. This scenario had 60 correctly predicted instances and 10 
misclassifications. In scenario (c), word insertion, the "game application" and "web programming" 
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labels also showed no prediction errors, while other labels had some misclassifications. Here, 63 data 
points were accurately predicted, with 7 misclassifications. Scenario (d), word deletion, resulted in 
misclassifications across all labels, yielding 59 correct predictions and 11 misclassifications. Finally, in 
scenario (e), back translation, the "game application" label showed no prediction errors, while the 
other labels had some misclassifications, resulting in 56 correctly predicted data points and 14 mis-
classifications. 

CLASSIFICATION REPORTS 
The BERT model's classification report on the Word Deletion dataset highlights its performance 
across precision, recall, and F1-scores, showing strength and area for improvement shown in Table 2. 

Table 2. Classification report result 

AUGMENTATION 
PRECISION RECALL F1-SCORE 

Macro Weighted Macro Weighted Macro Weighted 

- (Baseline) 0.83 0.83 0.78 0.77 0.77 0.77 

Character Insertion 0.83 0.83 0.80       0.80       0.80       0.80       

Character Deletion 0.86       0.86       0.86       0.86       0.85         0.85         

Word Insertion 0.92       0.92       0.90       0.90       0.90       0.90       

Word Deletion 0.87       0.87       0.84       0.84       0.85         0.85         

Back Translation 0.86       0.86       0.80       0.80       0.81         0.81         

As shown in Table 2, the classification report details the BERT model's performance across various 
text augmentation techniques, with precision, recall, and F1-scores broken down by macro and 
weighted values. The first row (baseline) shows the model's performance without any text augmenta-
tion, with precision, recall, and F1-scores of 0.83 (macro) and 0.77 (weighted), 0.78 (macro) and 0.77 
(weighted), and 0.77 (macro) and 0.77 (weighted) respectively, providing a reference point for com-
parison. 

Character Insertion (row 2) and Character Deletion (row 3) both exhibit moderate improvements, 
with precision scores of 0.83 (macro) and 0.86 (weighted), as seen in column 2. Their recall scores are 
0.80 (macro) and 0.86 (weighted), found in column 3, and their F1-scores are 0.80 (macro) and 0.85 
(weighted), in column 4. This indicates that while these methods add variability to the data, they have 
less impact on accuracy compared to other techniques. 

Word Insertion (row 4) shows the highest performance, with precision scores of 0.92 (macro and 
weighted) in column 2, recall scores of 0.90 (macro and weighted) in column 3, and F1-scores of 0.90 
(macro and weighted) in column 4, highlighting its effectiveness in diversifying the dataset and im-
proving accuracy. Word Deletion (row 5) also shows strong results, with precision of 0.87 (macro 
and weighted) in column 2, recall of 0.84 (macro and weighted) in column 3, and F1-scores of 0.85 
(macro and weighted) in column 4, demonstrating its sturdy in handling incomplete text. Lastly, Back 
Translation (row 6) shows the least improvement, with precision and recall of 0.86 and 0.80 (macro 
and weighted) in columns 2 and 3, respectively, and an F1-score of 0.81 (macro and weighted) in col-
umn 4. 

STATISTICAL ANALYSIS 
Additionally descriptive analysis as explained before, we also need to conduct inferential statistical 
analysis to determine the statistical significance of observed differences in performance metrics be-
tween various approaches and models. To evaluate the performance of the augmentation techniques, 
we first conduct a statistical analysis of accuracy results using mean, median, standard deviation 
(STD), and the Shapiro-Wilk test to assess data normality, with all metrics calculated from 5 training 
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iterations for each scenario. Subsequently, we perform pairwise comparisons of F1-score results 
across augmentation techniques using paired t-tests and calculate p-values to determine statistical sig-
nificance, ensuring reliable conclusions based on consistent experimental runs. 

Table 3. Accuracy results statistical analysis 

Model Augmentation Mean Median STD Shapiro-Wilk 

BERT 

CI 0.827 0.939 0.261 0.001 

CD 0.924 0.929 0.034 0.747 

WI 0.970 0.968 0.008 0.803 

WD 0.944 0.961 0.056 0.035 

BT 0.937 0.961 0.049 0.104 

As shown in Table 3, the table summarizes the statistical analysis of accuracy results for different 
augmentation methods under the BERT model, revealing that Word Insertion (WI) achieved the 
highest mean and median accuracy scores, indicating its superior performance. Character Insertion 
(CI) showed the lowest mean accuracy and high variability, as evidenced by its large standard devia-
tion and non-normal distribution. The other methods, including Character Deletion (CD), Word De-
letion (WD), and Back Translation (BT), demonstrated moderate performance with varying levels of 
consistency and normality in their distributions. 

Table 4. Paired augmentation techniques F1-score results statistical analysis 

Augmentation (1) Augmentation (2) t-test p-value Significance ( <0.05 ) 

CI CD 0.066  0.9504 No significant 
CI WI -5.926  0.0041 Significant 
CI WD -3.467  0.0256 Significant 
CI BT -1.779  0.1499 No significant 
CD WI -3.392  0.0275 Significant 
CD WD -1.906  0.1293 No significant 
CD BT -1.960  0.1216 No significant 
WI WD 2.867  0.0456 Significant 
WI BT 2.746  0.0516 No significant 
WD BT -0.136  0.8984 No significant 

Shown above in Table 4, presents the results of paired t-tests comparing F1-scores across different 
augmentation techniques, revealing that Word Insertion (WI) significantly outperforms Character In-
sertion (CI), Character Deletion (CD), and Word Deletion (WD), as indicated by p-values below 
0.05. Conversely, no significant differences were found between Character Insertion and Back Trans-
lation (BT), or between various other pairs such as CD and WD. These findings highlight the supe-
rior effectiveness of token-level augmentations like Word Insertion in enhancing classification per-
formance compared to character-level methods. 

DISCUSSION AND FINDINGS 
This study builds upon existing research, highlighting the effectiveness of token-level text augmenta-
tion techniques—specifically word insertion and word deletion—in improving document classifica-
tion accuracy. While prior studies, such as Şahin (2022), showed that character-level augmentations 
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were useful in linguistic tasks, our findings demonstrate that token-level techniques significantly out-
perform them, especially when dealing with noisy OCR data in non-formal learning certificates. Ad-
ditionally, our results further validate the effectiveness of BERT in document classification but sug-
gest that augmenting it with these techniques can yield even better performance than using BERT 
alone, especially in noisy, unstructured data scenarios. 

However, some anomalies were observed in our findings, particularly with the back translation aug-
mentation. While it introduced linguistic diversity, its impact on model accuracy was notably smaller 
compared to token-level techniques, suggesting that semantic-level changes may not always be as ef-
fective for improving classification performance. Additionally, while character-level augmentations 
did contribute to model resilient, their improvements were less significant, especially when handling 
noisy OCR data, indicating a potential limitation in their applicability for this specific task. 

For practitioners, the key takeaway is to prioritize token-level augmentations, such as word insertion 
and deletion, when working with OCR data from non-formal learning certificates, as these tech-
niques significantly improve classification accuracy. While character-level augmentations offer some 
benefits in enhancing model performance, their impact is less pronounced, particularly in the pres-
ence of noisy OCR data. Additionally, back translation, although it introduces linguistic variety, has a 
smaller effect on accuracy compared to token-level techniques. Therefore, focusing on token-level 
augmentations and fine-tuning BERT with augmented datasets will optimize performance. Using 
high-quality OCR tools can also enhance accuracy, and expanding this methodology to multilingual 
datasets and continuously updating models as new data becomes available will ensure the long-term 
effectiveness of the model in real-world applications. 

CONCLUSION, FUTURE RESEARCH AND LIMITATIONS 
This study aimed to investigate how different text augmentation methods—character-level, token-
level, and semantic-level—affect the performance of BERT in classifying non-formal learning certifi-
cates into computer science course categories. The research objectives were to determine which aug-
mentation strategy improves classification accuracy and to assess the impact of these techniques on 
model generalization, particularly with noisy OCR data. 

The key findings from this study demonstrate that word-level text augmentation techniques, such as 
word insertion and word deletion, were the most effective in enhancing BERT's performance for 
classifying non-formal learning certificates. This study further validated that BERT, enhanced by to-
ken-level text augmentation strategies, can accurately classify non-formal learning certificates into 
computer science course categories, achieving over 88% validation accuracy. Moreover descriptive 
analysis (e.g., accuracy, loss, f1-score, etc.) this finding is statistically validated through paired t-tests 
and p-value, which confirmed significant differences in accuracy and F1-scores between word-level 
and other augmentation methods (p < 0.05). These methods contributed significantly to improving 
the model's accuracy and generalization, enabling it to handle diverse certificate data more stable. 
Word insertion and deletion introduced controlled variability into the text, allowing the model to 
learn from a broader range of inputs. As a result, these augmentation techniques led to the highest 
improvements in both training and validation accuracy, with word deletion achieving the best valida-
tion results, demonstrating the model's adaptability to variations in certificate content. 

While other methods, such as character-level augmentation and back translation, also contributed to 
model performance, they were less impactful than word-level modifications. Inferential analysis, in-
cluding p-value comparisons and normality checks via the Shapiro-Wilk test, further confirmed the 
superiority of token-level approaches over character-level and semantic-level techniques. Character-
level augmentation, though useful for adding noise at the character level, did not produce the same 
level of improvement as word-level techniques. Similarly, back translation, which translated text be-
tween languages and returned it to its original form, provided some benefits but was less effective 
due to challenges in maintaining semantic consistency. These findings emphasize the importance of 
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selecting the most suitable augmentation strategy, with word-level techniques proving to be the most 
effective for document classification tasks in the context of Recognition of Prior Learning (RPL). 

However, there are some limitations to this research. The dataset, while diverse in course categories, 
remains limited in size, which may impact the model’s generalizability. Additionally, the study fo-
cused solely on English-language certificates, which could restrict the model's performance in multi-
lingual contexts. The reliance on synthetic data augmentation is also a limitation, as it may not fully 
replicate real-world text variations found in certificates across different domains. These factors could 
influence the accuracy of the model when applied to larger-scale or more varied datasets. 

For future research, expanding the dataset to include a wider range of languages and labels is essential 
for improving the model’s applicability. Additionally, experimenting with different OCR tools could 
enhance the text extraction process and improve accuracy in real-world scenarios. Exploring various 
BERT configurations, such as BERT-large, BERT-base, or BERT-multilingual, might provide in-
sights into the optimal model settings for different tasks. Finally, investigating other NLP models or 
hybrid approaches could further enhance document classification performance, offering more flexi-
bility for real-world applications in RPL programs. These efforts would help create more scalable so-
lutions to automate the recognition of prior learning, contributing to broader access to education and 
employment opportunities for diverse populations. 
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