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Abstract 

The availability of Automated Essay Scoring (AES) datasets remains limited for low-resource languages such as 

Indonesian. This study develops and validates a reliable Indonesian AES dataset drawn from 219 authentic 

handwritten student exams. The methodology uses a multi-stage pipeline that includes image digitization, Optical 

Character Recognition (OCR) text extraction with meticulous manual verification, and a rigorous cross-validation 

protocol conducted by three independent expert annotators. For the per-item reliability subset (n = 59), the expert 

panel's consensus achieved good-to-excellent agreement (ICC = 0.819–0.914). In contrast, single-evaluator 

assessments agreed only moderately with the panel (QWK ≤ 0.642), showing coarse grading tendencies and wider 

limits of agreement. Consequently, the panel's consensus average was established as the dataset's gold-standard label. 

Overall, this research contributes a highly reliable, structured educational dataset that provides a robust and 

ecologically valid foundation for training and evaluating AES models in low-resource contexts.  
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INTRODUCTION 

Essay-based educational assessment is an important component of instructor evaluation 

because it allows teachers to assess students’ higher-order thinking, reasoning, conceptual 

understanding, and communication skills (Liu et al., 2026). However, grading a large number of 

essay responses can lead to inconsistencies due to fatigue and differences in how graders interpret 

the criteria (Mi & Yu, 2026; Xu et al., 2024). Consequently, to improve grading efficiency while 

maintaining consistency and reliability, Automated Essay Scoring (AES) systems have seen rapid 

development (Gierl et al., 2014; Poonpon et al., 2023). 

Advances in natural language processing (NLP) are driving the development of AES 

systems. Today’s AES models no longer rely solely on manually designed linguistic features and 

conventional machine learning algorithms; instead, they use transformer-based language models, 

contextual semantic embeddings, and neural network architectures that effectively capture 

semantic relationships within text (Misgna et al., 2024). According to Li & Ng (2024) and Lin (2026), 

modern AES research focuses not only on improving prediction accuracy but also on developing 

assessment systems that are more robust, easier to understand, and widely applicable in education. 

Today’s AES research still faces challenges regarding the availability of high-quality 

annotated datasets (Li & Ng, 2024; Misgna et al., 2024). The availability of datasets, the quality of 

annotations, and the reliability of evaluations can affect the performance of the AES model. 
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Currently, benchmark datasets such as the Automated Student Assessment Prize (ASAP) are 

frequently used in English-language AES research; however, the available datasets remain limited 

in both quantity and linguistic diversity (Misgna et al., 2024). This limitation also makes it difficult 

for AES researchers to obtain sufficiently large datasets with reliable human annotations for less 

commonly used languages. 

Another challenge is that today’s educational institutions still rely on handwritten essay 

exams. These handwritten responses must undergo a lengthy process before they can be used to 

develop the model. Handwritten documents must first be digitized using Optical Character 

Recognition (OCR), followed by text preprocessing, quality verification, and the organization of 

structured data. If any step in the text extraction process encounters problems, it can affect the 

quality of the resulting training data. The quality of this data contributes significantly to algorithmic 

improvements in the overall performance of the automated scoring system in the AES study (Sun 

et al., 2025). 

Another concern in compiling an education dataset is the reliability of essay scores assigned 

by human evaluators (Pack et al., 2024). According to Shibata et al. (2025), essay grading can 

inherently involve subjective bias, leading to inconsistencies and inaccuracies among graders and 

thereby affecting the supervised learning model. Therefore, a rigorous annotation strategy 

involving multiple expert evaluators and standardized assessment rubrics is necessary to improve 

the reliability of ground-truth labels (Misgna et al., 2024). Improvements in model performance 

and the credibility of artificial intelligence (AI) research in the field of education can be achieved 

through enhanced, reliable data annotation (Mohammed et al., 2025). 

Therefore, the objective of this research is to develop and validate a reliable Indonesian 

Automated Essay Scoring (AES) dataset derived from authentic handwritten student exams, using 

an OCR-based text extraction pipeline and inter-rater cross-validation. Unlike previous studies that 

predominantly focus on model architecture, this work establishes a standardized framework for 

dataset construction to support future educational NLP applications in low-resource settings. 

  

LITERATURE REVIEW 

 
Recent Advances in Automated Essay Scoring 

Automated Essay Scoring (AES) systems have been extensively developed to facilitate 

efficient and consistent grading of essays in the field of education (Elmassry et al., 2025). Research 

on AES has now evolved from primarily using conventional machine learning approaches to 

transformer-based architectures, contextual semantic embeddings, and large-scale language 

models (LMMs). These models can capture semantic meaning, discourse coherence, and contextual 

relationships more effectively (Ramesh & Sanampudi, 2022; Uto, 2021). Advances in this area 

improve evaluation performance on educational datasets while expanding the application of AES in 

the field of education (Huang et al., 2026; Ramnarain-Seetohul et al., 2025; Xiao et al., 2025).  

AES research has now shifted its focus from prediction accuracy to improving model 

robustness, interpretability, and cross-domain generalization to ensure the reliability of the AES 

system for use in the field of education (Plasencia-Calaña, 2025; Ravindran & Choi, 2025). LLM-

based multimodal metrics demonstrate that essay evaluation today is no longer based solely on 

lexical similarity but also incorporates reasoning and a deep understanding of the response context 

(Atkinson & Palma, 2025; Zhang et al., 2026). 

 

Dataset Construction and Annotation Quality in AES 

The quality of the dataset used has a significant impact on AES performance (Sun et al., 

2025). The required dataset quality includes representative essays, a balanced score distribution, 



 RSF Conf. Proceeding Ser. Eng and Tech 

112 

a standardized grading rubric, and reliable human annotations (Latif & Zhai, 2026). Limited 

availability of datasets also poses a challenge for developing the AES system, particularly for 

languages with limited NLP resources (Misgna et al., 2024; Švábenský et al., 2026; Yoo et al., 2025). 

The importance of dataset construction has become increasingly evident with the 

introduction of new benchmark datasets designed for educational assessment. Yoo et al. (2025) 

proposed DREsS, a large-scale, rubric-based dataset comprising nearly 49,000 essays collected 

from authentic English as a Foreign Language (EFL) learning environments and evaluated by expert 

assessors. Their study demonstrates that carefully designed datasets, accompanied by 

standardized annotation procedures, substantially improve the development and evaluation of AES 

systems. 

Another critical aspect concerns the reliability of human-generated labels. Essay scoring is 

inherently subjective, and rater inconsistencies can introduce noisy annotations that degrade 

supervised learning performance. Recent studies therefore recommend inter-rater annotation 

strategies and transparent scoring procedures to improve dataset credibility and reduce 

annotation bias. Rather than treating annotation merely as a supporting activity, recent AES 

research increasingly recognizes annotation quality as an integral component of dataset 

construction (Su et al., 2025; Urrutia et al., 2025). 

 

Handwritten Essay Digitization and Research Gap 

Studies focused on developing essay datasets remain relatively limited. Existing datasets 

are still in digital text format; none are sourced from handwritten exam papers, which must first 

undergo a digitization process. Therefore, Optical Character Recognition (OCR) must be used to 

convert educational datasets into machine-readable formats suitable for NLP applications 

(Ghadekar et al., 2025; Pawar et al., 2025). AES datasets are currently more widely available in 

English and other commonly used languages, whereas datasets in Indonesian are still very limited 

(Wilie et al., 2020; Winata et al., 2023). The lack of validated Indonesian essay datasets limits 

opportunities for reproducible research and objective comparison of AES models developed for the 

Indonesian language. 

Based on the reviewed literature, previous studies have predominantly emphasized 

algorithm development, neural architectures, and scoring optimization, whereas considerably less 

attention has been devoted to the systematic development of validated handwritten essay datasets. 

Therefore, this study addresses this research gap by proposing a reproducible workflow for 

constructing an Indonesian handwritten essay dataset, covering handwritten essay acquisition, 

OCR-based text extraction, preprocessing, structured dataset organization, and independent 

annotation by three expert raters. The resulting dataset is expected to support future AES research 

and provide a reliable benchmark for Indonesian educational NLP applications. 

 

RESEARCH METHOD 

This study proposes a multi-stage methodology for constructing and validating a reliable 

Indonesian Automated Essay Scoring (AES) dataset from physical student answer sheets. The 

framework comprises four primary phases: (1) data collection, (2) Optical Character Recognition 

(OCR) processing, (3) data storage and structuring, and (4) inter-rater cross-validation. 

 

Data Collection and Digitization 

The primary data consisted of 438 authentic handwritten essay responses collected from 

219 students during real classroom assessments. The sample was selected using a purposive 

sampling method (Campbell et al., 2020) to meet specific coursework criteria, thereby ensuring the 

validity of the dataset. To maintain ecological validity while facilitating text extraction, each 
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physical answer sheet was digitized into an image dataset. The image capture protocol was strictly 

controlled to ensure even lighting, an upright orientation, and adequate resolution to preserve the 

quality of the raw handwritten artifacts. Furthermore, ethical research procedures were rigorously 

implemented, including securing informed consent and replacing all student names with unique 

anonymized identifiers to protect participant privacy. 

 

Optical Character Recognition (OCR) and Text Extraction 

Text extraction from the digitized images was performed using a Handwritten Text 

Recognition (HTR/OCR) engine. Given that OCR outputs for the Indonesian language are highly 

prone to errors, a comprehensive manual verification process was conducted across all collected 

responses. The unedited OCR text was preserved in the database, while the manually corrected text 

served as the definitive ground truth, enabling calculation of the Character Error Rate (CER) and 

Word Error Rate (WER). Crucially, the essay scoring procedure was performed by viewing the 

original handwritten images rather than the OCR-generated text, ensuring that extraction errors 

did not compromise the validity of the assigned scores. 

 

Data Storage and Structuring 

After the extraction and verification phases, all data were systematically organized into a 

Comma-Separated Values (CSV) format. The database schema includes a unique anonymized 

identifier, generalized course and class codes, specific question item numbers, the manually verified 

OCR text, and the evaluation scores. To support comprehensive analysis of annotation quality, the 

dataset structure explicitly links the original score assigned by the initial instructor with the 

independent scores provided by the three expert validators. In the final dataset release, the 

established consensus score serves as the primary gold-standard label, while the individual 

evaluator scores are documented transparently as supplementary properties. 

 

Inter-Rater Cross-Validation and Reliability Analysis 

To ensure high-quality ground-truth annotations, an inter-rater cross-validation protocol 

was implemented in which three independent expert validators blindly rescored every answer 

using a standardized rubric. Inter-rater reliability was quantitatively assessed per question (n = 59 

for a specific question item) using the Intraclass Correlation Coefficient (ICC) (Koo & Li, 2016) and 

Krippendorff's alpha (Hayes & Krippendorff, 2007), with 95% bootstrap confidence intervals to 

assess sample-size stability. Additionally, agreement between the initial single-rater score and the 

panel's consensus was evaluated using Quadratic Weighted Kappa (QWK), Spearman correlation, 

systematic bias, and Bland-Altman limits of agreement. Based on these rigorous reliability metrics, 

the panel's consensus average was adopted as the definitive gold-standard label for training 

Automated Essay Scoring (AES) models, providing a significantly more stable and reliable target 

than a single idiosyncratic evaluator's score. 

 

FINDINGS AND DISCUSSION 

 

OCR Performance 
The digitization process successfully converted the physical handwritten answer sheets 

into an image dataset, establishing a traceable source for text extraction. Recognizing that 

Indonesian handwriting is prone to recognition errors, the raw text generated by the OCR engine 

was meticulously verified and manually corrected against the original images to ensure high data 

fidelity. The final structured dataset systematically maps each anonymized student response to 

specific question items, preserving both the raw OCR output and the manually cleaned text. 
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Crucially, to prevent error propagation, the scoring process was conducted directly on the original 

images, so OCR inaccuracies affect text features but do not compromise score validity. 

 

Inter-Rater Reliability 

To evaluate annotation quality, two complementary analyses were conducted on the 

responses to questions 1a and 1b (n = 59 per question): (i) inter-rater reliability among the three 

independent expert validators, and (ii) agreement between the original lecturer score and the panel 

consensus (the mean of the three validators). Because these analyses address different questions, 

they are interpreted separately. The results are summarized in Table 1.  

 

Table 1. Reliability Test Results 

 Question 1a Question 1b 
ICC (2,k) 
ICC (2,1) 

Krippendorff's-α 

0.819 
0.780 
0.596 

0.914 
0.601 
0.778 

Quadratic Weighted Kappa 
(QWK) 

Spearman rho 

0.199 
 

0.001 

0.642 
 

0.465 
Systematic Bias 

Blad-Altman 
+4.44 (Significant) 

-2.06 
-0.83 (Non-significant) 

-9.55 
 

Agreement among the three validators was good to excellent. For the averaged panel score, 

ICC(2,k) was 0.914 for question 1a and 0.819 for question 1b, indicating that the mean of the three 

validators is a highly reliable measure in both cases (Koo & Li, 2016). Krippendorff's-α, which 

reflects agreement closer to the single-rating level, was 0.778 for 1b (acceptable) but lower for 1a 

at 0.596, below the 0.667 tentative threshold (Hayes & Krippendorff, 2007). 

The gap between a high ICC(2,k) and a more modest α for question 1a is expected rather 

than contradictory: ICC(2,k) is an average-measures coefficient and is therefore higher when 

ratings are aggregated across the three raters, whereas α approximates the reliability of a single 

rating. In practical terms, the three-validator consensus is reliable for both questions, whereas 

agreement at the level of an individual validator is weaker for 1a than for 1b. 

In this dimension, the two questions diverge sharply. For question 1b, the lecturer's scores 

aligned substantially with the panel consensus (QWK = 0.642, "substantial" on the Landis & Koch 

scale; Spearman ρ = 0.465), with no significant systematic bias (−0.83, non-significant). The lecturer 

and the panel therefore ranked and scored responses to 1b in broadly consistent ways.  

For question 1a, agreement was much weaker. QWK dropped to 0.199 ("slight"), and 

Spearman ρ was 0.001, indicating virtually no rank correlation between the lecturer's ordering of 

students and the panel's. This was accompanied by a significant positive bias of +4.44 points, 

meaning the lecturer scored responses to 1a markedly higher than the panel on average. In other 

words, for 1a, the lecturer's single scores deviated from the consensus both in ordering and in level.  

It should be noted that this analysis measures agreement, not construct validity; the panel's 

strong internal reliability indicates consistency, not proof that the scores capture essay quality in 

an absolute sense. Content and construct validity are left to future work. 

However, a critical divergence was observed: the QWK metric (0.642) outperformed the 

Spearman correlation (0.465), indicating that although the assigned scores were numerically 

similar, the relative ranking of students differed between the instructor and the panel. 

Furthermore, the initial instructor’s tendency to assign scores in coarse intervals (e.g., 0, 5, 10, 15) 

produced numerous ties, which mechanically depressed the rank correlation and widened the 

Bland-Altman limits of agreement (question 1a: -9.55 to +7.90; question 1b: -2.06 to +10.95). This 
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finding empirically demonstrates the vulnerability of single-rater annotations, in which individual 

grading idiosyncrasies, such as coarse granularity, become embedded in the data. 

 

Implications for Dataset Labeling and AES Application 

The primary implication of the reliability analysis is establishing the panel's consensus  

average as the dataset's gold-standard label, rather than relying on the idiosyncratic single-rater 

score. An AES model is only as robust as the labels it learns from; thus, using a highly reliable 

consensus score (ICC = 0.914) provides a significantly more stable training target. Although the 

constructed dataset is limited to a specific course and cohort and relies on human consensus, which 

inherently carries subjectivity, it still contributes a rare, validated Indonesian educational resource. 

By transparently documenting the pipeline from authentic handwritten exams to a structured 

dataset with measured reliability, this research provides a vital foundation for advancing 

multilingual AES models in low-resource contexts. 

 
CONCLUSIONS  

This study developed and validated a highly reliable Indonesian Automated Essay Scoring 

(AES) dataset from authentic handwritten exams, providing a crucial educational resource with a 

stable panel-consensus gold standard (ICC = 0.914) for low-resource language NLP. The analysis 

shows that inter-rater consensus scores serve as a significantly more robust training target than 

single-evaluator assessments, which often display coarse grading idiosyncrasies and wide limits of 

agreement.  

 

LIMITATIONS & FURTHER RESEARCH 

The current dataset is fundamentally limited by its single-cohort scope and its primary 

focus on measuring annotation reliability rather than on full construct or content validity. Future 

research should expand data collection across diverse academic disciplines, establish formal 

validity evidence, apply Generalizability Theory for more detailed rater analysis, and use this 

validated dataset to train and evaluate hybrid AES models. 
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