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This review focuses on recent advancements in the Automatic Short-
Answer Scoring (ASAS) system in education. The primary objective of 
this review is to identify current trends in utilizing transformer-based 
models for the ASAS system. This review also aims to discuss future 
directions for ASAS technology. ASAS’s conventional machine learning 
methods were inconsistent because they rely on statistical similarity 
and are prone to bias. Meanwhile, transformer-based models were 
typically used for feature extraction, embedding, and score calculation 
via classification or regression. They generally served as a similarity 
calculator comparing students’ answers to the reference answer. We 
applied the Preferred Reporting Items for Systematic Reviews and 
Meta-Analyses (PRISMA) framework to explore ASAS’s state of the art 
and uncover its future trends. Our findings reveal that transformer-
based models significantly outperform traditional machine learning 
approaches by capturing complex context. On the other hand, LLMs 
excel at providing feedback and score justification. Recent studies have 
shown a shift toward using transformer-based models for ASAS’s 
complex tasks, including data augmentation and feedback generation. 
However, further research is needed to use LLMs and GPTs to generate 
explainable, fairer scores and to address data scarcity through 
reasoning and augmentation. 

Keywords 
Automatic short-answer scoring, 
quality education, large language 
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1. Introduction 
Transformer-based language models have brought significant improvements to Natural Language Processing 
(NLP) tasks, particularly for tasks that require context understanding. Short-answer scoring is one such task that 
transformer-based models have utilized [1]-[5]. The challenge in the short-answer scoring task is accurately 
grading open-ended responses, given the limited text resources. Traditional scoring methods depend on human 
evaluators, which can be slow and subjective. Transformer-based models offer a promising alternative because 
they can capture semantic relationships and context details [6]-[9]. This study investigates the application of 
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transformer-based models for an Automatic Short-Answer Scoring (ASAS) system [10]-[13]. We aim to identify 
current trends in transformer-based models for ASAS and contribute to the discussion on the technological 
advancements in Artificial Intelligence for educational assessments. 

Short-answer assessment responses were shorter than the essay assessment responses. Short-answer 
assessments often elicit more varied responses within a limited number of words [14]-[17]. In contrast, essay 
scoring typically involves longer, more structured texts that focus on coherence, grammar, and style [10], [18]. 
These differences would affect the way the score is calculated. The most used answer assessment method is 
manual, which involves human assessment. Teachers must read the entire essay and grade it individually, which 
is time-consuming and potentially subjective. 

As short answers often provide limited text, a deeper understanding of the context is important in a short-
answer scoring system. In a short-answer assessment, students were required to express their knowledge and 
encapsulate their complex ideas within a constrained word count. Consequently, ASAS models were challenged to 
accurately assess students' understanding of the course materials from their limited answers [19]-[22]. Therefore, 
the context around a short-answer assessment is crucial for fairly assessing the quality and relevance of the 
answers. By training models on varied linguistic styles and expressions, researchers try to mitigate biases that 
may arise. Incorporating techniques such as knowledge distillation, additionally, could gain more model 
performance without compromising accuracy [23, 24]. 

As the landscape of NLP continues to evolve, advancements in automated scoring systems enhance system 
efficiency and performance [25]-[28]. It also raises critical questions regarding equity and accessibility in 
assessments. Although transformer models show remarkable accuracy in evaluating student responses, their 
effectiveness can be influenced by factors such as language proficiency and diverse expression styles among 
students [14, 19, 24]. This phenomenon needs careful consideration of how these technologies are deployed 
across various educational contexts to ensure that they do not disappoint learners. Furthermore, ongoing research 
that seeks to adapt these models to specific fields could provide insights that improve the ASAS system’s flexibility 
and fairness [29]-[33]. 

Our review explored existing studies on and ASAS systems. We reviewed recent research to gain a global 
understanding of the ASAS landscapes. The “Preferred Reporting Items for Systematic Reviews and Meta-Analyses 
(PRISMA)” framework was employed to ensure a comprehensive and transparent process [34]. The PRISMA 
framework provides a structured approach to identify, select, and critically filter the studies. The chosen studies 
were reviewed and summarized to provide an evidence-based overview of the current research on ASAS.  

This study has four research questions. The first question is “What are the recent architectures of the 
automated short-answer scoring systems?” (RQ1). The second question is “How is the transformer-based model 
used for an automatic short-answer scoring system architecture?” (RQ2). The third question is “What are the 
general and context-specific datasets available for automatic short-answer scoring model training?” (RQ3). 
Moreover, the last question is “What recent frameworks have been developed for automatic short-answer 
scoring?” (RQ4). These questions become our direction of study. 

Initially, we defined the study’s objectives, which clearly identify the key research themes of our study. Next, 
we created a clear search strategy through the Scholar databases. We applied strict inclusion and exclusion criteria 
to choose studies that aligned with our research objectives. We also made a solid quality assessment checklist to 
ensure the reliability of the selected studies. Finally, we conducted a detailed analysis of the reviewed papers to 
extract essential insights and findings to help us understand the ASAS fields.  

Fig. 1 provides a visual representation of the structure and organization of this study. The rest of this paper is 
organized into 9 sections. Section 1 describes the introduction and background of this study. Section 2 provides 
an overview of related work on ASAS systems. Section 3 outlines the methodology of this study and explains how 
we selected the literature. Sections 4, 5, 6, and 7 present the results of the literature analysis and describe the 
technological approaches of ASAS. Section 9 discusses the considerations arising from the ASAS study, results, and 
outlines the limitations of the review. 
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Fig. 1 Paper organization and structure 

2. Related Works 
Researchers have rapidly explored the field of text-based evaluation techniques. For example, a systematic 
literature review was conducted that focuses on the automatic grading of open-ended written assignments [27], 
[35]-[38]. Their research explored trends and techniques for Automatic Essay Scoring (AES). The other studies 
analyzed automatic scoring and feedback in the educational context [39, 40]. They emphasize the need for 
improvements to mitigate the adverse effects and enhance educational quality and student experience. The gap 
between short answers in particular domains and long essays also makes this research field challenging and 
requires sophisticated methodologies [41]-[43]. 

Researchers have also explored the advantages of an automatic scoring system for education. An automatic 
scoring system for education enables accommodating larger student numbers without increasing the instructor's 
workload [41]-[45]. Students’ learning experience was enhanced by automatic scoring systems through quicker 
feedback and reduced score bias [46]-[48]. However, the automatic scoring systems also highlight drawbacks, 
including the inability to capture innovative students’ answers and potentially train students to focus more on 
answering questions rather than understanding concepts. 

A study examined the “strengths and weaknesses of automated scoring of free-text student answers” [49]. 
They examined various models for automated content scoring and compared their performance, architectures, 
efficiencies, and transferabilities. Unlike humans, who may be impacted by fatigue or mood, a model consistently 
assigns the same score to identical answers [50]-[53]. However, models faced a significant challenge in explaining 
how they arrive at their scores. Deep learning-based models often perform well with minimal manual input. Their 
black-box nature, however, makes it hard to understand how a score is concluded [54]-[56]. Thus, the topic that 
needs further exploration is personalized feedback, which makes the score more explainable [57]-[59]. 

Another study reviewed “Transformer-Based Pre-Trained Language models (PLMs) that use a self-supervised 
method of learning” [60]. The components of the transformer architecture, such as the encoder, decoder, and 
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attention mechanisms, were explored. The study also explained the concept of self-supervised learning in a model 
and how to apply it to massive, unlabeled datasets. Specific PLMs (including BERT, RoBERTa, ELECTRA, and T5) 
and their proposed pre-training techniques were compared and discussed. They used several datasets, which 
were categorized into three groups: general-purpose, domain-specific, and multilingual. 

The importance of context in the ASAS system was discussed in research [61]. They found that the main 
challenge for the ASAS is the lack of relevant training data in the domain. These ASAS problems can be addressed 
using various approaches, which can be broadly classified into two categories: traditional methods that rely on 
handcrafted features and deep learning approaches. Other researchers discussed various supervised machine-
learning techniques for both free-text evaluation [12]. They grouped these machine learning techniques into three 
categories: feature-based, neural, and hybrid approaches. They discovered that, unlike AES, which evaluates 
writing skills such as style and structure, ASAS assesses the accuracy of students’ answers. Additionally, AES is 
often used in language classes, whereas ASAS is more frequently applied in subjects such as mathematics and 
science. Two groups of ASAS studies were also concluded: ASAS without reference answers and ASAS with 
reference answers. This is similar to research [49]which grouped the ASAS into instance- and similarity-based. 

Other researchers evaluated an embedding approach for developing models for ASAS systems [62]. They 
reviewed the literature published between 2016 and 2021. They identified relevant articles that used embedding 
to represent the short-answer grading tasks. Generally, these approaches are categorized into non-learning and 
learning-based approaches. The scoping review highlights the contribution of embeddings to the performance of 
ASAS models. Several embedding methods were discussed in their research to identify the advantages and 
disadvantages of each and to examine how embedding is used. The embedding techniques discussed are: Word, 
Contextual, Sentence, and Sense embedding. They summarized that word embeddings were the most commonly 
used, followed by contextual and sentence embeddings, whereas sense embeddings were underrepresented. The 
use of contextual and sentence embeddings is less effective than that of word embeddings, and there remain 
potential research areas. Embeddings are then used to process ASAS by measuring similarity or are directly used 
to perform score classification. On a small scale, embedding was also used directly or to initiate long-short-term 
memory (LSTM). However, their study did not explicitly discuss how the embedding technique was implemented 
in the various ASAS frameworks. 

A review of AES systems for education scenarios was conducted in [63]. They uncover current AES models 
and AI technologies, including machine learning, deep learning, and natural language processing techniques. The 
statistical, linguistic, content, and contextual features extracted from the essays are also examined. The datasets 
and evaluation metrics used, such as Quadratic Weighted Kappa, Mean Squared Error, and Pearson Correlation 
Coefficient, were reviewed. Their research identified potential areas for future work: enhancing AES to handle 
diverse essay topics and writing styles, improving model accuracy, ensuring the AES system's reliability and 
consistency, handling malicious or adversarial essays, and expanding its capabilities. Their study, however, is 
limited to published articles between 2018 and 2023. 

The AES systems and the resulting practical insights for educators were discussed in research [64]. Thus, the 
development of effective AES models that balance accuracy, fairness, and generalizability was suggested. 
Additionally, nine prominent AES methods were outlined, which include five prompt-specific and four cross-
prompt approaches. The prompt-specific methods are: Support Vector Machine (SVM), which uses a 
comprehensive set of carefully engineered features to train an SVM-based scoring model; SKIPFLOW-LSTM, which 
incorporates coherence features related to the semantic similarity between sentences using a neural tensor layer 
and LSTM; CNN-LSTM-ATT, which employs a hierarchical neural network architecture with CNN for word 
relations, LSTM for sentence relations, and an attention mechanism. 

Researchers [8] conducted a study to investigate the fairness of ASAS’s algorithm. The study focused on 
demographic disparities related to gender and language. The research employed various machine learning 
methods and found no evidence of gender bias. However, the research identified a slight bias against native 
language speakers. Important factors affecting fairness, as concluded from their study, include scoring accuracy, 
language differences, and the distribution of student performance and item difficulty. Their study also suggests 
approaches to reduce bias and acknowledge limitations related to data and the measurement of language use. 

Other researchers [53] conducted a study to compare machine learning and deep learning models with LLMs 
for the ASAS system in English and Portuguese. Models such as SVM, Random Forest, and BERT were compared 
with prompt engineering for GPT-4o. Their study used the Texas and “PT_ASAG” datasets in Portuguese and 
concluded that prompt engineering elements significantly affected performance. The few-shot examples were 
crucial for English, while detailed reasoning was crucial for Portuguese. A notable finding from their research was 
that traditional models generally outperformed LLMs in the ASAS system. 

In this study, we aim to delve deeper into studies that enhance the ASAS method, focusing on the base models 
used, the context and language, and the performance tests conducted. This review comprehensively explains the 
role of transformer-based pre-trained language models in natural language processing applications. Finally, this 
paper highlights a potential research area of NLP that can be implemented in ASAS [65]. A comparison of this 
review with related works is presented in Table 1. 
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Table 1 Comparison of this study with other reviews 
Reference, Year Type of 

Text 
Technological Approach DS FW ET Remarks 

TA ML TR Gen-AI     

[27], 2021 ASAS × ▲ ▲ × × × × Focused study on current 
trends and techniques in 
the automatic grading of 

open-ended written 
assignments. 

[66], 2021 ASAS & 
AES 

▲ ▲ × × × ▲ × Focused study of the 
student experience of using 

automatic feedback and 
automatic scoring 

[20], 2021 ASAS × √ × × √ ▲ ▲ Focused on comparing 
various Deep Learning 

models for ASAS 
[12], 2023 ASAS & 

AES 
× ▲ ▲ × ▲ √ √ Focused on current 

machine learning 
techniques for both short 
and essay evaluation in 

education 
[62], 2023 ASAS × ▲ √ × ▲ √ × Scoping review that 

summarizes relevant 
literature on the use of 

embeddings in automatic 
short answer scoring 

(ASAS) 
[17], 2024 ASAS ▲ ▲ ▲ × × × × Focused on determining the 

ASAS model classification 
This paper ASAS √ √ √ √ √ √ √  

√: indicates the topic is well covered, ×: is uncovered, and ▲is partially covered, TA: traditional approaches 
including rule-based grading and feature comparison, ML: machine learning, TR: transformer-based model, 

GEN-AI: generative AI model, DS: dataset, FW: future works, ET: evaluation and tools 

3. Methodology 
To ensure a rigorous and transparent process, this review follows the “Preferred Reporting Items for Systematic 
Reviews and Meta-Analyses (PRISMA)” framework [34]. The framework provides a comprehensive and 
transparent review to facilitate the evaluation of the findings. For an efficient PRISMA process, the findings from 
the studies were carefully recorded in RIS format using Mendeley reference management software. Mendeley was 
used to manage references and avoid overlaps between the papers that we collected from different databases. 

3.1 Database Selection 
The literature search was conducted across five major academic databases: ScienceDirect, Springer Nature Link, 
Scopus, Web of Science, and IEEE Xplore. These databases were chosen for their wide coverage of high-quality 
research articles in the fields of computer science, education, and artificial intelligence. 

3.2 Search Strategy 
This search strategy was designed to capture relevant studies on ASAS. The search keywords were "automatic 
short-answer scoring" and "automatic short-answer grading. The search query used these keywords and defined 
parameters, including full-text availability and publications from 2019 to 2025. By integrating these keywords 
into the search query, studies that directly intersect short-answer grading within a designated time frame were 
uncovered. Based on the database search, we describe the articles obtained by year and journal or conference type 
in Fig. 2. We found that this topic will continue to increase in 2024-2025. 
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Fig. 2 Total article by publication type and year 

3.3 Inclusion and Exclusion Criteria 
In this review, specific inclusion and exclusion criteria were defined to ensure the selection of relevant and high-
quality research articles. By applying these inclusion and exclusion criteria, the systematic literature review aimed 
to select relevant, recent, peer-reviewed, and empirical research articles on the short-answer grading problem 
that employ NLP techniques. The inclusion and exclusion criteria for this review are summarized in Table 2. 

• Inclusion Criteria. Studies were included if they focused on developing, implementing, improving, or 
evaluating NLP methods for ASAS tasks. Articles discussing language-specific or content/domain-specific  
trained models were sought after. 

• Exclusion Criteria. Studies were excluded if they were not peer-reviewed, were not written in English, 
or did not provide sufficient methodological details. Papers not focusing on NLP tasks for ASAS or those 
that were purely theoretical without empirical tests were also removed. Articles that focused on question 
or answer generation were also excluded. 

Table 2 Inclusion and exclusion criteria of the study 
Criteria Inclusion Exclusion 

Publication Period January 2019 - February 2025 Outside the inclusion period 

Publication Type Journal articles, conference articles Masters/Ph.D. Theses, book chapters, 
abstracts, preprints only, not yet 
published articles 

Study focus Studies discussing Automatic Short 
Answer Grading/Scoring 

Studies not focusing on Automatic Short 
Answer Grading/Scoring 

Domain Area Studies discussing Short-Text related 
evaluation 

Studies discussing Long-Text evaluation 

3.4 Study Selection  
Titles and abstracts were screened to remove irrelevant studies. The remaining articles were then reviewed to 
ensure that they met the inclusion criteria. Any discrepancies in the study selection were resolved through 
discussion among the reviewers. To ensure the quality of the included study, we carefully assessed its quality. The 
Quality Assessment checklists that we use are:  

• Are the research questions or research objectives of the paper clear?  
• Is the research paper focusing on the scoring method? 
• Does the research paper utilize only text-based assessment as a dataset? 
Based on the results of the Quality Assessment, we found that 49 papers could not meet all of the criteria we 

provided. Thus, the remaining papers are all involved in the next stage. 
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3.5 Data Extraction and Synthesis 
Filtered studies were extracted using a standardized form. Key information, including study objectives, dataset, 
trained models, language, results, and conclusions, was recorded. We then categorized the studies into method-
specific, language-specific, and domain-specific categories. The extracted and categorized data from the studies 
were then synthesized to provide a comprehensive overview of the current state of ASAS, focusing on method-
specific, language-specific, and content/domain-specific trained models. 

The overall PRISMA flow diagram is shown in Fig. 3. This diagram provides a visual representation of the 
study selection process. This diagram also notes the number of records identified, included, and excluded, along 
with the reasons for exclusion. The search yielded a number of relevant articles that were observed in this study. 

 

 

Fig. 3 Article retrieval and selection process based on the PRISMA reporting standard [34] 

4. Automated Text-Based Evaluation 
In this chapter, we discuss automated text-based evaluation in general, including technological approaches 
currently used and the challenges faced. We also identified several fundamental characteristics of short answers 
compared with essays, which will be the basis for our next in-depth studies. 
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4.1 Recent Approach and Challenges 
Various approaches and challenges have encountered in automated text-based evaluation tasks [67]-[89]. The 
critical challenges for automated text-based evaluation tasks were data sparsity, ethical considerations [65, 66], 
reliability, and time [18]. To address these challenges, researchers have developed various NLP approaches. 
Feature extraction and text encoding were early methods used to obtain the text's lexical vector. Feature 
extraction methods extract features from text, like length-based features, lexical features, category-based features, 
and semantic features [67]-[81]. Attention mechanisms and word-embedding methods were also used to provide 
a better understanding of the context [82]. Several researchers used self-trained word embeddings and pooling 
operations to score essays directly [90]-[92]. 

Advanced transformer-based language models, such as BERT, RoBERTa, DistilBERT, and ALBERT, have been 
fine-tuned to address several problems in automated text-based evaluation tasks [93]-[123]. These models have 
the capabilities to extract deep semantic features. With semantic features, models could understand the context 
and improve scoring accuracy. Research [72] have demonstrated the language models’ ability to capture 
contextual relations between words and sentences. Their study also showed that the models’ accuracy improved 
when combined with other models. Contextual relations also successfully enhanced the models’ understanding of 
content and quality [55, 88]. 

4.2 Characteristics of Short-Answer Evaluation 
A research [124] mentioned that short answers typically consist of two or three sentences in length, and ASAS 
requires domain-specific knowledge to evaluate and score students’ short answers accurately. Short-answer 
questions allow students to provide their own open-ended text responses rather than selecting from multiple-
choice options [106]. Answering short-answer questions requires students to recall information from their 
knowledge and provide reasons or justifications for their answers. Short-answer responses are typically scored 
using holistic rubrics with score points, such as 0, 1, 2, etc., based on the quality of the answer.  According to [124], 
the main character distinctions between essay and short-answer scoring are shown in Table 3. 

Table 3 Characteristic comparison between essay scoring and short answer scoring 
 Essay Scoring Short Answer Scoring 

Nature of 
Response 

Essays are longer and require evaluation 
of structure, coherence, grammar, and 

style. The focus is on the overall quality of 
writing and argumentation. 

Short answers are concise and require a focus 
on content accuracy and relevance. The 

challenge lies in understanding the semantic 
content and comparing it to reference answers. 

Evaluation 
Techniques 

Utilizes techniques that analyse linguistic 
features such as syntax, vocabulary, and 

organization. 

Employs methods like graph convolutional 
networks and multiway attention networks to 
craft a model that calculates semantic relations 

between students’ and teachers’ answers. 

5. The Architecture of ASAS (RQ1) 
Researchers have engineered various ASAS architectures to achieve optimal accuracy. According to the ASAS 
architecture, we grouped the research into several phases. This was done to obtain a clearer picture of how the 
ASAS system architecture has been developed. The general architecture of the ASAS is mainly divided into five 
main parts: 1) input, 2) preprocessing, 3) feature extraction, 4) scoring, and 5) output generation. We will discuss 
these parts in the following sections. We illustrate the general architecture of the ASAS system in Fig. 4. 
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Fig. 4 General architecture of automatic short answer scoring (ASAS) 

5.1 Data Collection and Preprocessing Phase  
The ASAS process starts by collecting student responses. Often, manually graded answers serve as training data. 
Researchers use different preprocessing steps to prepare the questions, student answers, and reference answers 
[125]-[134]. The main goal is to improve data quality, turn natural language into a numerical format, and extract 
features while reducing noise [30, 44, 135]. Common steps include cleaning, normalization, and formatting inputs 
for the models. Preprocessing is also necessary for other resources, such as handwritten or paper-based answers 
[136]-[146]. 

5.1.1 Cleaning and Normalization 
One purpose of the preprocessing phase is to ensure data consistency before it is processed in the ASAS model. 
Several tasks are carried out to obtain clean and consistent question-and-answer data. Case folding or lowercasing 
involves converting all characters to lowercase, as capitalization is generally not significant in NLP [30, 43, 139]. 
Removing punctuation and special characters helps to treat each text equally and eliminate meaningless 
characters [44, 98, 136]. Furthermore, stop word removal eliminates common words like “the”, “a” or “is” that 
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contribute little to the meaning of a question and answer and appear frequently across the text [72, 84]. Spelling 
correction and symbol and abbreviation normalization are also applied to improve data consistency [147]. 

5.1.2 Tokenization and Segmentation 
The tokenization phase splits the question and answer text into smaller units, like words or subwords [30, 135]. 
Several ASAS systems also performed sentence tokenization to divide the question-and-answer text into 
individual sentences [148]-[154]. Languages without whitespace separators, like Chinese, required specific word 
segmentation tools [70, 155]. 

5.1.3 Lexical and Morphological Normalization  
Question-and-answer text must be consistent in both vocabulary and word structure [156]-[176]. Several NLP 
techniques, such as stemming, help to standardize different inflections of the same word by reducing words to 
their root form. Specific algorithms, such as Porter Stemming and Nazief-Adriani, were used to remove prefixes 
and suffixes [29, 62, 136]. Lemmatization was also used to transform question and answer words into their 
meaningful base form, known as the lemma [136, 177]. An abbreviation checker can also be applied to further 
clean answers [98]. 

5.1.4 Input Formatting for Model 
The important part of the question and answer text should be easily identified by the model. Concatenation of 
student answers, reference answers, and sometimes questions, into a single input sequence is common for deep 
learning models [7, 37, 170]. Special tokens like “[CLS]” and “[SEP]” are utilized with transformer models to 
indicate the beginning and end of sequences, as well as to separate different components of the input [5, 14, 52, 
79]. Padding and truncation mechanisms were also applied to ensure that input sequences have a fixed length, 
which is required for many neural network architectures [92]. 

5.1.5 Question and Answer Filtering 
Questions, reference answers, and student answers text should be filtered to ensure a fair grading process. 
Deleting words or phrases in a student’s answers that are directly connected to the solution or question can be 
applied as a custom filtering rule [177]-[183]. Question demoting mechanisms were also used to exclude words 
already present in the question, thus preventing models from unfairly rewarding students who repeat parts of the 
question [44]. For programming-related answers, models may need to handle non-textual characters like symbols 
[21, 23]. Sentence simplification methods were also applied using LLMs to reduce the answer’s length while still 
preserving the content [73]. Another filtering method was removing zero-value answers, which indicates that the 
student did not answer the question [93]. 

5.1.6 Preprocessing Other Resources 
Other resources (e.g., External Corpora, Lecture Notes) need to be handled. For paper-based tests or handwritten 
responses, optical character recognition (OCR) is used to convert images of text into a digital format, followed by 
structuring the words into paragraphs and lines [36, 146]. External corpora like Wikipedia, used for pre-training 
models, undergo similar steps such as lowercasing, punctuation and number removal, stop word removal, and 
stemming/lemmatization to clean and prepare the data [136].  

While ASAS systems were collecting reference answers from community question answering websites like 
Quora or Stack Overflow, keywords were extracted and weighted based on their parts of speech (PoS) to select 
relevant content [5]. 

5.2 Feature Extraction 
The next stage of ASAS is to extract important features from the question and answer that models use to analyze 
and capture context and meaning. Below are the feature extraction approaches developed by researchers. 

• Keyword Extraction. The keyword extraction mechanism identifies important terms from answer and 
question texts using algorithms like Rapid Automatic Keyword Extraction (RAKE) [68, 84, 127, 144, 168]. 

• Word Embeddings/Vectorization. The embedding mechanism transforms question and answer texts 
into numerical vectors, capturing the semantic meaning and relationships between words or phrases. 
This includes Word2Vec [4, 150], TF-IDF [30], BERT [52], Glove [59], and GPT [59]). 

• Part-of-Speech (PoS) Tagging. PoS tagging mechanism identifies the grammatical role of each word 
within a question or answer sentence [30, 110, 136]. 
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• Named Entity Recognition (NER). This mechanism identifies and classifies named entities (e.g., persons, 
organizations, locations) within the text [136, 164]. 

• Dependency Parsing. This mechanism scrutinizes grammatical relationships within question or answer 
sentences [136]. 

• N-gram. This mechanism sequences N-consecutive words or characters as a feature. And it is also used 
to capture local word order and frequency patterns [164]. 

• Topic Modelling. This mechanism is used to uncover underlying themes or concepts in student and ideal 
answers, which are then compared for thematic similarity [30, 112]. 

• Question Answering (QA) Models. Question answering models, such as T5, are applied to extract 
answers and ideal answers for further similarity evaluation [30]. 

• Semantic Facet Extraction. This mechanism is used to identify fine-grained semantic components 
relevant to learning objectives [117]. 

 
Researchers have extracted a range of features from the question-and-answer text using various approaches. 

The most commonly used features are keywords and word embeddings. Features such as NER, topic modelling, 
word dependency, and PoS play a supporting role. These features will be used in the next phase, score generation. 
However, challenges in feature extraction methods, such as semantic facet extraction, remain ripe for further 
exploration. 

5.3 Scoring Phase 
Early approaches captured vocabulary, sentence, and chapter-level features using CNN and BiLSTM networks to 
enhance scoring accuracy [166]. Meanwhile, deep neural networks required more data to gain optimal 
performance [128]. The performance of automated text-based evaluation systems was generally measured using 
metrics such as Quadratic Weighted Kappa (QWK) [72, 82, 91]. Next, the ASAS architecture in terms of how it 
performs the scoring phase. A research [83] mentioned that there are two types of scores: the first is “binary 
scoring”, which focuses on conceptual questions with answers that can be graded as either correct or incorrect, 
thus facilitating a binary classification task.; and the second is “complex activities”, the quiz that involves more 
complex activities with varying student participation and is scored on a scale of 0 to 5 or 0 to 6 points. Meanwhile, 
research [106] scored holistic rubrics with score points such as 0, 1, 2, etc. However, to produce a score, the ASAS 
model requires guidelines for assessment methods. Generally, the scoring guideline method can be classified into 
two main categories: scoring with references and scoring without references. We illustrate the scoring method 
categories in Fig. 5. 
 

 
Fig. 5 ASAS scoring method categories 
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5.3.1 Scoring With References 
Scoring with references is a condition where a reference answer exists. These reference answers can be correct, 
incorrect, partially correct, or partially incorrect, or answers with a specific score. This answer is usually obtained 
from human graders, experts, or teachers. The scoring method for this reference uses text feature extraction, with 
the results used to compute the score. From the studies conducted, it is noteworthy that the scoring method with 
references is carried out in the following ways: 

• Scoring with Similarity. Similarity is scored by comparing students' answers with the golden answers. 
This is done by calculating similarity based on sentence statistics using TF-IDF or semantic similarity 
using word embedding, sentence embedding, or sense embedding methods. Deep learning models play a 
role in providing semantic weights and are trained to identify similarities based on semantic weights [4, 
35, 116, 132, 147, 164, 171]. 

• Scoring with Clustering/Classification. Scoring with clustering or classification is performed by first 
determining the desired clusters of scores. The researcher used several types of cluster scores, such as 
the 2-way score (for example, true or false), 3-way score (for example, wrong, partially correct, and 
correct), or 5-way score (for example, 1 to 5 points) [185]. Deep learning models play a role in forming 
clusters using clustering algorithms such as K-Nearest Neighbors [16, 33, 113, 168]. A research [165] 
introduced a novel metric learning (MeL)-based pre-training method for answer representation 
optimization. This strategy encourages the clustering of similar representations while pushing dissimilar 
ones apart, thereby facilitating the formation of a more coherent same-score and distinct different-score 
answer embedding space. 

• Scoring with Regression. Scoring with regression is used when many considerations are involved in the 
score, such as the proximity of the answer's meaning, the presence of certain keywords, or the number of 
words. These parameters can be calculated using a regression approach. In this case, the deep learning 
model identifies the score-determining points and then calculates the regression using algorithms such 
as linear regression [114, 148]. Commonly used regression models include Support Vector Regression 
(SVR) [43, 73], Linear Regression (LR) [44, 73], Ridge Regression (RR) [44, 73], Random Forest 
Regression (RF)[43],  ElasticNet (EN) [43], Isotonic Regression (IR) [73], AdaBoost Regressor (Ada) [43], 
and a Deep Learning based model like LSTM [151] and BERT [78, 136] that is configured as a regressor. 
Nampoothiri et al. [100] explore automating short-answer grading using machine learning and NLP. It 
uses transformer models (BERT, SBERT, T5, Genism, XLNet) to convert text into numerical 
representations and regression techniques (Linear Regression, SVM, Random Forest, AdaBoost) to 
estimate scores. The BERT model combined with Random Forest performs best, showing superior 
accuracy. The primary challenge is the need for an additional determinator to map real numbers to 
integer values, as human graders typically assign integer scores [151].  

5.3.2 Scoring Without References 
Scoring without references is carried out using concept similarity techniques, such as concept mapping [28], 
ontology [127], or deep learning of a model on specific corpora. Another way is to prompt either zero-shot or few-
shot learning from a particular LLM. Researchers [22] introduced an ASAS framework aimed at learning from 
unlabelled domain-specific contexts and minimizing both training and inference times. Their framework consists 
of three main phases. In the first phase, the framework constructs an unlabelled domain-specific corpus. In the 
second phase, the framework trains a pre-trained language model using the corpus generated in the first phase. 
And the third phase, the framework fine-tunes the pre-trained model with a limited amount of labelled domain-
specific data [22]. They explored various domain adaptations using two types of vocabulary during the 
pretraining. ASAS systems increasingly employ unsupervised and generative approaches to score responses 
without requiring a gold-standard reference [22]. This allows grading of open-ended and divergent responses 
when fixed-reference answers are impractical. 

Transformer-based models (e.g., GPT and BERT) are used to analyse the semantic meaning of answers rather 
than matching against a reference. These models focus on the coherence, relevance, and logical flow of the 
responses. This allows grading of creative, argumentative, or opinion-based questions in which multiple correct 
interpretations may exist. To assess answer quality, scoring without reference approaches often employs feature 
extraction methods, such as syntactic complexity, semantic similarity, sentiment analysis, and topic modelling. 
Tools like WordNet were not yet available for some languages, such as Indonesian and Arabic, which limits their 
use in semantic network-based preprocessing. The scarcity of linguistic resources in Arabic, including corpora, 
dictionaries, and lexicons, presents significant challenges for ASAS research, as transformers require significant 
data to train effectively [68, 109]. 

Other researchers [142] utilized LLMs to score rubric-based assessments and provide feedback for students. 
LLMs were prompted to act as expert examiners. They result in a strong correlation between the scores generated 
by LLMs and those by human examiners. Their research showed potential future advancements of LLMs in ASAS 
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systems. They also acknowledged LLMs' limitations related to the need for clear rubrics. Their research also 
concludes that AI-assisted scoring tools can lessen grading workloads and improve writing assessment in 
education. 

5.3.3 Output and Post-Processing Phase 
The ASAS system generally results in a predicted score for the student's answer. More advanced systems may 
yield more advanced outputs, such as identifying discrepancies between automated and human scores. 
The other advanced output is feedback generation, which provides comprehensive feedback to teachers or 
students to improve the learning experience. Adaptive learning integrations were also among the advanced 
outputs of ASAS, in which ASAS feeds into intelligent tutoring systems to guide students' learning paths. Last, ASAS 
also outputs prompts to guide the LLM's scoring behaviour with rubrics. 

Overall, the architectural advancements in ASAS show a trend towards increasingly context understanding 
capabilities, moving from explicit feature engineering to implicit feature learning through deep neural networks 
and, most recently, leveraging the pre-trained knowledge and in-context learning abilities of large language 
models. The quality and quantity of training data are critical. Thus, inadequate or biased training data for ASAS 
can lead to poor evaluation results [30]. ASAS datasets are often unbalanced in terms of the quantity of different 
grade clusters, which can negatively affect model performance [23]. Some question and answer datasets also 
contain more unfamiliar words, which can impact the effectiveness of certain preprocessing methods [136]. 
Models can also struggle with misclassified answer data containing multiple invalid words or phrases [149]. 

6. Technological Approach of ASAS (RQ2) 
In this study, we identified six distinct technology clusters used for ASAS. Each cluster is distinguished by its 
unique language features and scoring techniques. A detailed illustration of these ASAS technology categorizations 
is shown in Fig. 6. 
 

 

Fig. 6 Technological approaches in short answer scoring 

6.1 Rule-Based Approach 
The rule-based approach was also categorized as a traditional approach, which prioritizes feature extraction from 
text [15]. Extracted text features were used to score the short-answer responses using several methods, such as 
statistical calculation, semantic similarity, conceptual similarity, or simple answer clustering  [65, 105]. Features 
that were used for scoring calculation include keyword statistics, keyword similarity, parts-of-speech, and Named 
Entity Recognition (NER) [178]. Similarity-based approaches have also emerged to measure the distance between 
a student's response and reference answers, using techniques such as Latent Semantic Analysis (LSA) [39]. 



J. of Soft Computing and Data Mining Vol. 6 No. 3 (2025) p. 323-355 336 

 

 

While the prevalent method for evaluating reference-based answer scoring models involves assessing the 
degree of similarity between the student's response and the reference answer, as proposed by [21], others [182] 
used a Semantic Feature-Wise approach to map the relationship of the question, the student's answer, and the 
teacher’s reference answers. Rule-based approaches are early systems that rely on pattern matching and semantic 
similarity, but are limited in their ability to capture diverse expressions. 

6.2 Machine Learning Approach 
Researchers use Machine Learning (ML) approaches to improve the accuracy of ASAS. ML is used by training the 
models on the prepared data. The main distinction between the ML and DL approaches is that the ML approach 
uses textual features to directly compute the score, whereas the DL approach employs a more complex, deeper 
contextual understanding to compute the score.  

Common machine learning algorithms employed include SVM, Random Forest, Linear Regression, and KNN 
[11, 43, 44]. Machine learning approaches have been used in [86] to actively train the model to identify correct 
and incorrect answers. Other research [3] uses Q-Learning and synset-based language processing to enhance 
grading performance incrementally. A method using “SemSpace Sense Vector” and MaLSTM was proposed in 
[160], which was a vector based on concepts from the WordNet lexical-semantic network. 

6.3 Deep Learning Approach 
A major improvement was achieved with the Deep Learning (DL) approach. In the DL approach, models learn 
directly from raw data without manual feature engineering. DL uses word embeddings to represent question and 
answer words in a vector space, capturing their semantic or contextual use. These embeddings can be pre-trained 
on large, unlabeled datasets, such as Word2vec and GloVe, or fine-tuned by models like ELMo. Models that are 
based on CNN and LSTM networks, including Bi-LSTM versions, are used to capture local, global, and sequential 
context information in question and answer text [72, 146, 163].  

A supervised machine learning method for ASAS was presented in [153]. They compared CNN, Char CNN, 
LSTM, and BERT models. Their research results show that BERT outperformed CNN and LSTM. This is because 
BERT’s deep contextual representations of question and answer consider context from both directions, which 
allows the context to be understood better [153]. 

An ASAS system that uses the XLNet model was introduced in [124] to turn students’ answers into vectors 
that capture context and meaning. These vectors train an LSTM model to calculate sentence coherence. The system 
performed better, achieving a high QWK score and surpassing current baseline models. 

6.4 Transformer-based Models Approach 
Recently, researchers have increasingly used Transformer-based models to encode answer text dynamically. 
These models address small-dataset issues by leveraging pre-trained knowledge and fine-tuning on a specific 
domain. This process often involves complex networks like CNNs and LSTMs [181]. Such models can be combined 
or configured in Siamese architectures to encode sequences and capture semantic details. Some also use attention 
mechanisms highlight important text parts. Most Pre-trained Language Models (PLMs) use neural networks 
tailored to the embedding type. Word embeddings map words to numbers in a semantic space, capturing meaning 
and context.  

Although the quality of these embeddings generally improves with larger training datasets, other factors also 
influence their suitability for specific tasks. The characteristics of the training data determine the nature of an 
embedding, because the meaning of a word can change depending on its context [106]. 

PLMs have been widely used. Most researchers use PLMs, such as BERT, as a model to tokenize questions, 
reference answers, and student answers. The results of tokenization are then used in subsequent processes, such 
as calculating the score using cosine similarity or clustering the answer as true, partially true, or false. Fine-tuning 
in PLM was also performed to improve the accuracy of the ASAS.  

Pre-trained models such as RoBERTa, DistilBERT, T5, and XLNet are commonly used as base models and then 
fine-tuned to achieve the highest accuracy. Some studies have used domain-specific datasets for fine-tuning. The 
use of these domain-specific datasets has been shown to outperform base models derived from large datasets. The 
results of the study also showed different effects across languages.  

Many languages have been used in research models. We have identified some studies that explore the use of 
the ASAS in specific languages, which we will explain in the next section. We found that PLM can be utilized in 
various ways. Some researchers use PLM as a base model, while others conduct fine-tuning to achieve greater 
accuracy. 
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6.4.1 PLMs as a base model  
Researchers widely use the PLMs to tokenize and embed questions, reference answers, and student answers. 
Embedding is conducted on question or answer words and sentences. Researchers have focused on the external 
factors of PLMs that can affect ASAS systems, such as meta-learning [52, 167]; curriculum learning [180]; and 
scoring rubrics [11, 41, 68].  

A strategy that matches the features of answers with the criteria stated in a rubric was introduced in [11]. The 
shortcut learning behaviour was successfully reduced, and the model’s trustworthiness was improved through 
their approach. The proposed strategy [11] includes a detection mechanism that uses a feature attribution 
approach to identify superficial behaviour. Additionally, a correction method [11] was also implemented to retrain 
the model, ensuring it aligns with the rubric-related annotations and mitigating the impact of these superficial 
cues. 

6.4.2 Fine-tuned PLM  
Researchers have performed many fine-tuning methods in PLM to provide a contextual understanding of the 
model. The created dataset varied according to the theme developed. They collected questions on a specific 
domain, obtained the ideal answer from experts, and then trained the model based on that data. Some researchers 
have also used transformer models to generate paraphrases from ideal answers to improve model training 
accuracy. This study highlights several effective strategies for fine-tuning the ASAS, which can enhance its 
performance, including data augmentation techniques such as synonym replacement [21]; Back-translation and 
paraphrasing to expand training datasets [109]; Simplification and normalization, preprocessing through token 
normalization, spelling correction, and handling noise; contrastive learning, models are trained to distinguish 
between correct and incorrect answers [99]. 

6.5 Generative Pre-Trained Transformer (GPT) Approach 
Generative Pre-Trained/LLM-based approaches leverage LLMs directly for text embedding or for a completion-
based ASAS system by providing the model with examples of questions, answers, and scores in the prompt itself. 
These models can bypass traditional training for new tasks through in-context learning. On top of that, some 
researchers have used GPT to generate embeddings before scoring. Other researchers have used GPT to generate 
scores directly from students' answers.  

6.5.1 GPT as an Embedding Generator 
Early transformer models like ELMo, BERT, GPT, and GPT-2 have been used for pre-training the embedding in 
ASAS’s tasks [5, 141]. Specific GPT variants like Sentence-GPT (SGPT) were used to encode sentences for semantic 
similarity tasks in ASAS [26]. The text-embedding-ada-002 (EADA2) model, based on generative AI, is also used 
to create contextual similarity embeddings between student answers and model keys [73]. 

GPT models were also used in [156] to increase scoring accuracy and alignment with human raters. Their 
approach shows the ability to capture contextual relations, thereby enhancing the content and quality 
understanding of an essay. Their methods incorporate linguistic features such as concreteness, uncertainty, 
conviction, commitment, and writing styles into transformer-based models. 

6.5.2 GPT as Sentence Simplification and Summarization  
LLMs such as GPT-3.5 were integrated into ASAS systems in [73] to shorten or simplify student answers while 
retaining the meaning. These simplification methods helped to examine poorly structured or wordy student 
answers. 

6.5.3 Data Augmentation and Paraphrase Generation  
A novel ASAS approach was presented in [45, 118] by leveraging LLMs as an augmentation tool. Retrieval 
Augmentation Generation (RAG) techniques were implemented by providing LLMs with access to an external 
knowledge database and using it to generate data. They proposed this approach to enhance ASAS models with 
greater consistency and reliability, and to reduce hallucinations. The external knowledge databases include the 
short-answer dataset (a sample of questions, answers, and scores), lecture notes or course materials, and a 
context-specific dataset. With a more appropriate context provided by the retrieved texts, LLMs generate higher-
quality data. An example of the generated prompt is shown in Fig.7 [45].  
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Fig. 7 Sample of scoring with a prompt [45] 

Researchers have also used RAG to generate paraphrases of questions or answers [73, 109]. The purpose of 
paraphrasing is to reduce bias in the question or the student's answer. Paraphrases are also used to provide more 
diverse reference answers to improve accuracy. Objects used for paraphrasing generation include question 
and/or answer variation [109] and dataset modification [169]. The results of the RAG for paraphrase generation 
were used as inputs to the model training and were also used to generate the score, or were directly used in the 
similarity or classification phase to calculate the score. We illustrate the differences in various RAG usages for 
prompt and paraphrase generation in Fig. 8. Fig. 8(a) shows RAG for prompt-scoring generation, Fig. 8(b) shows 
RAG for reference-answer modification, and Fig. 8(c) shows RAG for student-answer modification. 

  

Fig. 8 The use of retrieval augmentation generation (RAG)  
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6.5.4 GPT for Prompting and Direct Scoring  
The study of [40] used chain-of-thought prompting, which provides a reasoning chain along with an answer to the 
labelled instances used for in-context learning. This method enables the model to generate accurate inferences, 
incorporating reasoning alongside the answers it provides. It has been noted that chain-of-thought reasoning is 
especially beneficial for formative assessment scoring in science. This is because the open-ended nature of the 
questions can complicate alignment in scoring, even among human evaluators.  

Several studies [9, 52, 53, 65, 69, 75] evaluated GPT-3.5 and GPT-4 in zero-shot and few-shot settings for ASAS 
tasks across various languages and subjects, including English, German, and Finnish.  

While some early findings suggested GPT could not be used directly, on the contrary, later research showed 
its potential, especially with improved prompt components [53, 75].  

GPT-4 can function as an effective short-answer grader. It achieves significant agreement with human graders, 
particularly when provided with the right problem formulation and scoring examples (few-shot learning). It can 
also follow scoring rubrics and identify correct or missing information in student responses [53, 75]. 

6.5.5 GPT for Generating Feedback  
Researchers used GPT models, particularly GPT-3.5 and GPT-4, to generate detailed feedback on inconsistent 
answers and provide tailored feedback to students. This generated feedback can assist novice graders and boost 
the performance and consistency of expert graders [52, 65, 118, 151]. 

In conclusion, Transformer-based models have been widely used and have improved the ASAS system. They 
can capture complex language details and meaning. These models have become a common approach in ASAS and 
outperform traditional machine learning methods. While transformer-based models can be trained directly for 
ASAS, the best performances were achieved when combining their semantic descriptions with carefully hand-
engineered features. However, the study indicated that GPT-4's performance is comparable to that of hand-
engineered models but falls short when compared to pre-trained LLMs that undergo specialized training [89]. 
Transformer-based models used for ASAS are described in Table 4. 

Table 4  Transformer-based models used for ASAS 
Transformer Models References 

BERT [78, 97, 101, 143, 115, 152, 154, 157, 170, 173, 185] 
RoBERTa [80] 
ALBERT [21] 

Hybrid BERT with Neural Networks [72, 79, 185] 

XLNet [62, 149] 
MPNet [78, 126] 
ELMo [65] 
SBERT [21, 41, 111] 

T5 (Text-to-Text Transformers) [30] 
GPT 3.5 [45, 65] 
GPT 4 [45, 65, 75, 89] 

ChatGPT [31, 74] 

6.6 Hybrid Approach 
Some researchers have combined GPT and PLM or traditional approaches by proposing several types of 
frameworks. As mentioned in [169], GPT was used to generate paraphrase reference answers and student 
answers to balance the dataset before it was used for training the PLM. An encoder-decoder model named ARAG-
ED was introduced in [109], which was designed using GPT to generate paraphrased reference answers based on 
the initial reference answer. They then used the PLM to perform the scoring task. Another study [59] used GPT for 
sentence embedding, and then the results were used to generate scores via regression, such as Cosine Similarity. 
A hybrid approach that combined a CNN Deep Learning layer with BERT and LTSM was proposed in [79] a 
customized multi-head attention mechanism adapted with BERT was employed. A hybrid deep learning approach 
that combined BERT and LSTM was proposed in [72] to improve automatic short-answer scoring.  

A hybrid scoring model that enhances a pre-trained model based on BERT was proposed in [125]. The model 
effectively combines answer representations with a vector constructed from carefully crafted essays’ linguistic 
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features,  adapted from [161, 162]. The research [125] trained these vectors on an LSTM and a Bi-LSTM model to 
capture sentence connectivity with other sentence semantics. Hybrid approaches in ASAS combine two or more 
methods or feature types to enhance performance, accuracy, and robustness. Below are some hybrid approaches 
researchers have developed to improve ASAS performance. 

6.6.1 Combining Neural and Hand-crafted Features  
Some researchers successfully combine manually engineered (hand-crafted) features with neural models [12]. 
Neural models generate dense vector representations of input answers, which can be effectively combined with 
carefully designed linguistic feature vectors. Studies have demonstrated significant performance increases when 
hand-crafted features are added to neural representations. This is because knowledge extracted from embedding-
based representations can complement previously developed syntactic, semantic, and lexical features. Research 
[85] found that combining token-level features with embeddings can provide more general, domain-independent 
information to the model and achieve better results. They used a random-forest feature-based model with a broad 
set of linguistic features (part-of-speech, keywords with predicted weights, logical operators, and lexical diversity) 
and pre-trained classical embeddings (word2vec, doc2vec). A hybrid approach for Arabic ASAS was combined 
manually to extract features, such as word2vec and contextual embedding features using the BERT model, and 
achieved high accuracy [1]. 

6.6.2 Combining Different Deep Learning Architectures  
Researchers have also proposed hybrid models that combine different deep learning architectures, such as CNNs 
and LSTMs, to capture different aspects of textual information. Some systems utilize CNN and LSTM models to 
predict scores, capturing both local and global context information. Some researchers [90, 91] proposed a deep 
learning approach that combines word embeddings, CNN, and LSTM networks for ASAS. The other researcher [37] 
The proposed cross-lingual hybrid neural network uses “CNN and bidirectional LSTM (Bi-LSTM) sequentially to 
encode answer text”. A group of researchers later introduced an interaction enhancement layer with attention 
mechanisms, and finally used Siamese Bi-LSTM networks to fuse enhanced representations for grade classification 
[37, 51, 114, 172, 179].  

A new hybrid approach combines BERT with a customized multi-head attention layer and a parallel 
connection of CNN layers to enhance text comprehension and improve performance [37, 79]. This model also 
integrates BERT, LSTM, and CNN layers. ASAS-F-RAG, a few-shot ASAS-F system, uses LLMs in combination with 
ColBERT to retrieve the most similar examples from training data to generate grounded feedback. ColBERT 
encodes input into a matrix of contextual token-level embeddings, capturing fine-grained similarities [52].  

A two-phase approach was introduced by [57] to automated short answer scoring that leverages “cross-
prompt data” to automated short answer scoring that leverages “cross-prompt data” to reduce the need for 
extensive in-prompt training data. Their approach involves “pre-finetuning a model on existing rubrics and 
answers and then finetuning it on a new prompt”, addressing data accessibility issues. BERT and LLMs were used 
in the experiments [57] on the RIKEN SAS dataset [56], and demonstrated significant improvements in scoring 
accuracy, particularly in low-resource settings. 

A novel workflow that combines active and deep learning was introduced in [107] to improve the accuracy of 
automated scoring for short-answer questions, while also reducing the cost associated with manual scoring. 
Results show high accuracy and significant cost reduction compared to traditional methods and other machine 
learning approaches. 

6.6.3 Combining Different Similarity Measures/Features  
ASAS systems often combine features in both lexical and semantic forms to provide a final grade. This fusion aims 
to provide a richer feature matrix for machine learning approaches. Intelligent Descriptive answer E-Assessment 
System (IDEAS) framework exploits eight particular language features from teachers’ and students’ answers for 
scoring, integrating the traditional bag-of-words method with a modern sentence embedding approach for 
semantics [151]. 

Another proposed hybrid approach utilized word occurrence statistics, TFIDF, Latent Semantic Analysis, 
semantic similarity using Infersent, and summary similarity as input features for various classification models 
[110]. Also, in the Arabic ASAS model, there is a study [94] that evaluates text similarity using knowledge-based 
similarity (e.g., WordNet), and word and contextual embedding similarity (e.g., Word2vec, BERT). 

A subjective answer grader that combines scores from model similarity (a linguistic model computing 
semantic similarity) and keyword-matching similarity was proposed in [84]. The development and evaluation of 
a short-answer automated grading system for Japanese language learners was proposed by [88]. Using the actual 
test dataset SIMPLE-O for university students in Indonesia, they combine similarity scoring and binary 
classification with a BERT model.  
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The DAES model [30] combines LDA for thematic coverage and T5 for semantic understanding, aggregating 
their similarity scores with assigned weights. Meanwhile, study [13] presents a new, hybrid method of evaluating 
short answers in Polish, combining text similarity algorithms with neural networks.  

The comparative analysis showed that the hybrid approach outperforms previous methods, offering high 
precision and recall. Despite the very good results, the authors plan further research, including the use of deep 
learning methods, to further improve the effectiveness of the assessment. 

6.6.4 Hybrid Scoring Models (Classification and Regression) 
Some frameworks treat ASAS as a multiclass classification problem where each mark is a distinct label, departing 
from conventional binary classification or regression approaches. A study [134] addressed scoring as a regression 
task as well as a classification task; they experimented with “a rich set of text similarity features, CBoW, and TF-
IDF to train a machine learning regressor and classifier whose output is then conveyed into a fusion model for the 
final scoring. The effectiveness of combining BERT with GRU for regression tasks in automated student answer 
evaluation, particularly on small datasets, was investigated [76]. Results suggest that hybrid models effectively 
leverage the strengths of both transformer-based and recurrent architectures. 

6.6.5 Hybrid Human-AI Systems 
ASAS systems are often set up as hybrid systems, providing suggestions that require human review. This approach 
lets the teacher maintain control and save time by skipping reviews when the predictions are reliable [111, 133, 
184]. The ASSIST system proposed by [185] used an interactive response coding method, where raw responses 
are grouped with expert feedback. The system then learns to assign scores and identify keywords, helping to 
understand the data.  

A Reflective Prompt Engineering (RPE) was introduced in [9] for scoring short answers in biology using 
Generative Models. RPE uses iterative human-AI collaboration, in which experts guide the LLM by integrating its 
inferred criteria into subsequent prompts. Hybrid approaches in ASAS represent a continuous effort to combine 
the strengths of different techniques, ranging from traditional feature engineering to advanced deep learning 
models and natural language processing methods, to achieve more accurate, reliable, and objective grading 
outcomes, often aiming for human-like performance [109]. They are also explored to make systems more 
adaptable, efficient, and applicable across diverse domains and languages. 

7. Dataset For Model Training (RQ3) 
Researchers have produced various datasets. Both can be used publicly and by researchers themselves to improve 
ASAS performance. In this study, we categorized the ASAS dataset into a popular public dataset and a new fine-
tuned dataset, as shown in Table 5. 

Table 5 Dataset for ASAS 
Dataset Year Content 

Length 
Scoring type URL References 

Popular Public Dataset 

SciEntsBank 2008 Q: 197 
A: 16.000 
(aprox.) 

2-way, 3-way, 
5-way 

https://github.com/dbbran
dt/short_answer_granding_
capstone_project/tree/mas
ter/data/source_data/sciE

ntsBank 

[102] 

SemEval-2013 
dataset 

2013 Q: n/a 
A: 15,357 

2-way, 3-way, 
5-way 

https://www.cs.york.ac.uk
/semeval-2013/task4/ 

[47, 48] 

BEETLE 
dataset 

2014 Q: 56 
A: 3,000 

 n/a [46] 

STITA dataset   Q: n/a 
A: 333 

2-way: correct 
or incorrect 

https://github.com/edgres
earch/dataset-

automaticgrading-2022 

[43] 

Mohler dataset 2011 Q: 81 
A: 2,273 

[0-5] https://aclanthology.org/a
ttachments/P11-
1076.Datasets.zip 

[96] 
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ASAP-SAS 
dataset 

2013 A: 17,207 
Q: 10 

[0-2], or [0-3] https://www.kaggle.com/c
ompetitions/asap-aes  

[145] 

SQuAD 2016-
2018 

100.000+ 
question-
answer 

pairs 

Question 
Answering 

https://rajpurkar.github.io
/SQuAD-explorer/ 

[122, 123] 

New dataset fine-tuned from a publicly available dataset 

USCIS dataset 2013 Q: 20 
A: 698 

2-way: correct 
or incorrect 

http://research.microsoft.c
om/~sumitb/grading 

[16] 

Indonesian 
ASAG Datasets 

2018 Q: n/a 
A: 2,162 

[0,100] https://data.mendeley.com
/datasets/6gp8m72s9p/1 

[120] 

RIKEN dataset 2020 Q: n/a 
A: n/a 

 https://www.nii.ac.jp/dsc/
idr/rdata/RIKEN-SAA/ 

[56, 95] 

CU-NLP, a NLP 
course of 
Cukulova 

University 
dataset 

2021 Q: n/a 
A: 171 

[0-100] https://bmb.cu.edu.tr/uor
han/CuNLP.htm 

[160] 

AR-ASAG, an 
Arabic 

language 
dataset 

2021 Q: 48 
A: 2,133 

[0-5] https://data.mendeley.com
/datasets/dj95jh332j/1 

[108, 119] 

AraScore-
Dataset, an 

Arabic 
language 
dataset  

2021 Q: 5 
A: 2,500 

[0-3] https://github.com/guc-
research/AraScore-Dataset 

[50] 

Bilingual Short 
Answer 

Feedback 
(SAF) dataset 

2022 Q: 22 
A: 4,519 

[0-1] https://github.com/SebOc
hs/SAF 

[54] 

Short 
Programming-

Related 
Answer 
Grading 
(SPRAG)  

2024 Q: 114 
A: 4,039 

 

2-way: correct 
or incorrect 

https://github.com/sridevi
bonthu/SPRAG/tree/main

/Data 

[23] 

IDEAS-ASAG-
DATA  

2024 Q: 20 
A: 800 

[0-4] https://github.com/dbbran
dt/short_answer_granding_
capstone_project/tree/mas

ter/data/seb 

[151] 

7.1 Context-Specific Fine-Tuning the Transformer-Based Model for ASAS 
When building a context-specific ASAS model, the dataset’s size during training can limit the model's performance. 
In contrast, humans can learn to grade effectively from a limited number of labeled student responses. This ability 
arises from their extensive domain-general knowledge, which enables them to quickly comprehend and adapt the 
grading criteria to the specific question at hand. A study [181] found that “both domain-general and domain-
specific information are integrated during the feature engineering process”.  

Research [23] has indicated that the development of domain-specific pre-trained language models (PLMs) 
significantly optimizes both time and resources for developers and researchers engaged in natural language 
processing tasks within a particular domain. By utilizing domain-specific PLMs, researchers and developers can 
effectively fine-tune them on smaller datasets, thereby eliminating the need to train a language model from 
scratch.  

https://www.kaggle.com/competitions/asap-aes
https://www.kaggle.com/competitions/asap-aes
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The ColBERT model was introduced [52], which efficiently retrieves context-relevant examples from the 
training data. Unlike traditional models, which encode the entire input into a single vector, ColBERT encodes the 
input into a matrix of contextual token-level embeddings. 

Notably, domain-specific information and contextual embedding techniques can lead to faster ASAS model 
development and improved performance on domain-specific ASAS tasks. Various ASAS context-specific models 
have been developed by researchers, which are described in Table 6.  

Table 6  Specific context for ASAS 
Context/Course Research 

Government and Policy [152] 
Software Engineering Course [23, 45] 

Computer Science Course [137] 
Information Technology Course [98] 

Data Mining Course [159] 
Medical Education Course [39, 65, 142] 
Health Informatics Course [42] 

Psychology [152] 
Electronics Course [25, 77]  
Electrical Course [77] 

Mechanical Course [77] 
Science Course [135, 180] 
English Course [75, 180] 
Biology Course [75, 140] 

Introductory Physics Course [176] 
E-Business Course [164] 

 
However, while context-specific datasets outperform large corpora in performance, they still exhibit limited 

sentence-level variation. According study [98], improving datasets by including a wider range of question types 
can better match the different answers students provided for short-answer questions. Also, employing query 
expansion techniques, such as synonyms and polysemous words, can help find sentences that express the same 
meaning but are structured differently. This approach has the potential to improve overall performance. 

7.2 Language-specific Fine-Tuning Transformer-Based Model for ASAS 
A range of specialized languages has been created for ASAS. These languages use advanced transformer-based 
language models to evaluate and score short answers. They improve the efficiency and objectivity of the 
assessment process. Researchers have also investigated whether specific languages can affect the accuracy of the 
ASAS system. The following studies train models in specific languages and multilingual capabilities. 

• English: The use of pre-trained transformer models such as BERT, RoBERTa, and DistilBERT is common 
in ASAS research, especially in English. Many of these models are pre-trained on large corpora such as 
Wikipedia, which mainly features English. As a result, researchers often fine-tune these models [169], 
suggest new architectures [144], create frameworks [43, 58, 87, 144, 159], and develop domain-specific 
datasets for their studies, such as programming courses [23] based on English. 

• Arabic: Efforts have been made to adapt the ASAS systems for Arabic. This includes using Machine 
Learning [1] and Deep Learning methods to achieve results comparable to those in English [135, 150]. 
These efforts also involve generating datasets that are not widely available in Arabic [50, 109]. 

• Japanese: ASAS systems have been created for Japanese learners using different approaches like TF-IDF, 
latent semantic analysis [116], K-means clustering [130], and CNN-LSTM [104]. Researchers also 
developed advancements in ASAS frameworks and directly implemented them in universities [71, 103]. 
They have also developed Japanese language datasets to assist native learners with ASAS tasks [56, 95]. 

• Indonesian: The ASAS system in the Bahasa Indonesia Language has evolved from a statistical approach 
[129], semantic analysis [68], clustering techniques [131], machine learning [10], deep learning [148], 
language models [170], and hybrid methods. The hybrid methods were developed by combining fine-
tuned Indonesian language models, statistical features, machine learning, and deep learning techniques 
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[67]. Researchers have also examined aspects that could improve the accuracy of the ASAS model in 
Bahasa Indonesia, including abbreviations, word synonyms [29], transfer learning [172], rubrics [68], and 
specific material courses [136]. 

• Other Languages: Due to limited research on the following languages, we group other languages in this 
study, which include Chinese [174], German [111], Portuguese [53, 147], Greek [97], Moroccan [2], 
Spanish [138], Finnish [32, 32], Dutch [19], Indian[137, 143], Hebrew [140], Polish [13], and Turkish[38]. 

• Multilingual Capabilities: A cross-lingual ASAS system was investigated in [70]which involves scoring 
models trained in one language on data in another language. The research [70] studied data from five 
languages, including Chinese, English, French, German, and Spanish. They used both machine translation 
and multilingual transformer models for their analysis. 

However, various studies have shown that transformer-based translation performs worse than models 
specifically trained for understanding certain languages. Thus, continuous models training on evolving datasets 
could enhance adaptability to changing linguistic patterns [4].  

8. Recent Framework of the ASAS System (RQ4) 
Recent ASAS systems are increasingly using a modular design to separate important steps, such as data 
preprocessing, feature extraction, model inference, and result interpretation. This design improves scalability, 
allows upgrades to components, such as replacing traditional models with transformer-based models, and helps 
with better error localization. This modular approach then triggers the development of several ASAS frameworks 
that are outlined in Table 7. 

Table 7 ASAS framework and architecture 
Name of ASAS Framework Reference Year 

ESAS [175] 2020 
SmartScore [158] 2020 

SFRN [182] 2021 
Indonesian ASAG system [136] 2022 

iGrade [6] 2022 
SAGAL [86] 2022 
ASAGer [73] 2023 

Ex-ASAG [159] 2023 
Obmaaq [127] 2023 
ASSIST [92] 2024 

DAES (Descriptive Answer 
Evaluation System) 

[30] 2024 

IntelliGrader (IDEAS) [151] 2024 
HTL-ASAS [93] 2024 

SteLLA [118] 2024 
EduGuard [121] 2025 

 
A new framework called “Short Answer Grading with Active Learning (SAGAL)” was introduced in [86]. This 

framework provides an approach that includes rules for identifying examples of good, borderline, and unusual 
answers. Based on active learning principles, SAGAL repeatedly selects high-quality examples and requests 
annotations to improve sampling accuracy [86].  

A framework called the “Intelligent Descriptive Answer E-Assessment System (IDEAS)” was introduced [151]. 
They employed a model-answer-based method that applies eight similarity metrics to compare student answers 
against model answers. These metrics were derived from a combination of statistical methods and deep learning 
techniques [151].  

A new framework named “Hybrid Transfer Learning for Automated Short-Answer Scoring (HTL-ASAS)” was 
introduced in [93], which combined different tokenizers from pre-trained models. They also created a new dataset 
of student responses in the “Introductory Information Technology” course, which teachers manually graded. 

A framework called the “EduGuard” was introduced in [121]. This framework is an AI-based online exam 
management system that offers a secure, automated, and efficient solution for ASAS tasks. EduGuard addressed 
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issues such as cheating and grading errors through AI-powered proctoring, automated grading, and robust 
security measures, and delivered real-time monitoring, encryption, and role-based access control. 

Modern ASAS frameworks continuously use transformer-based models, as these models can capture context 
and semantic meaning from text. However, challenges remain in developing transformer-based ASAS frameworks 
that combine the best elements for optimal ASAS performance. The use of LLMs and GPTs within the ASAS 
framework also presents additional opportunities for ASAS research and development. 

9. Discussion 
This review highlights the technological evolution of ASAS systems. We observed that manual grading has become 
impractical due to time constraints and susceptibility to human bias. Transformer-based models often act as a 
similarity calculator. LLMs have great potential for providing score feedback, but still struggle to match the 
accuracy of transformer-based models. LLMs also need to gain a better understanding of context to reduce bias 
and produce a reasonable score. Meanwhile, current AI technologies offer advanced capabilities, like reasoning 
and augmentation. Consequently, there is a growing consensus that integrating LLMs and AI is essential for ASAS’s 
future. Although there is a number of emerging research on ASAS technological advancements, there are still areas 
worth further exploration. These include:  

1. Domain-Specific Constraints: ASAS systems perform well while trained on a large domain of knowledge, 
but fail when applied to a specific context. Future research should contribute to methods that improve 
cross-domain context understanding. 

2. Data Limitations: Unbalanced and scarce data remain a major challenge for ASAS models, since ASAS 
have a limited textual resource. Consequently, there is a need for more studies on effective data 
augmentation techniques. 

3. Large Language Models: Models like GPT-4 show promise in a better learning experience through 
scoring feedback, but the models still require balanced fine-tuning and better reasoning. Research into 
models' performance on vast, diverse corpora and various reasoning methods is still necessary. 

4. Hybrid Models: Combining different machine learning methods, such as hybrid transfer learning with 
GPTs, could boost system performance. This combination may create a more robust and trustworthy 
ASAS system. 

 
Despite advancements in ASAS technologies, our review also uncovers significant gaps that remain and 

require further attention. These gaps include the need for further studies on how ASAS could provide a fairer and 
more reasonable score. Additionally, there is a need for further research on how ASAS affects students’ learning 
experiences with personalized feedback. As ASAS’s technologies improve, it is also important to examine the 
ethical issues related to the use of the ASAS system in educational settings. 

10. Conclusion 
This review clearly maps the current state and evolution of the ASAS system. We observed a shift from traditional, 
feature-based methods to advanced transformer-based deep learning. Thus, we manage to answer our research 
questions: (i) Modern ASAS architectures tend to be modular. This modular approach helps researchers to easily 
arrange the best combination for the ASAS framework. The framework designed by researchers performs better 
when they use deep learning for feature extraction rather than manual engineering. Therefore, there are potential 
future studies in combining deep learning with LLMs (RQ1). (ii) Transformer-based models are crucial for ASAS, 
as they effectively create contextual understanding through sentence embeddings. Recently, LLMs like GPT-4 have 
been used to provide score feedback, despite generating scores. However, transformer-based models generally 
serve only as similarity calculators. Thus, there is a need for further research in utilizing transformer-based 
models to generate more fair and reasonable scores (RQ2). (iii) While public datasets for ASAS exist and are 
broadly used by researchers, the field is moving toward context-specific and language-specific ASAS datasets. 
There is also a need to train the ASAS model on nuanced adversarial and contrastive datasets. However, 
adversarial and contrastive datasets are considered scarce in the educational domain. Thus, there is potential for 
a study using RAG to augment the datasets (RQ3). (iv) Current frameworks tend to use a hybrid approach. These 
methods combine neural models with handcrafted features or other architectures to improve accuracy. ASAS 
frameworks also face challenges in integration with the educational environment. Thus, there is a need for further 
study on how the ASAS framework can leverage recent technological advancements and be easily integrated into 
the educational environment (RQ4). It is important to recognize the limitations of this review. The search was 
limited to papers published in English, which may have excluded important research published in other languages. 
Additionally, our analysis only included text-based assessments. This means the conclusions might not apply to 
scoring systems for math, graphics, or code-based answers. Because of the time it takes to publish studies, the 
most recent research may not be included in our analysis. Finally, significant technical challenges and ethical 
issues still need to be addressed, but the direction of ASAS is clear. The future of fair and effective educational 
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assessment will likely involve a blend of human skills and artificial intelligence, rather than the complete 
replacement of human educators. These systems should aim to enhance educators' abilities, enabling them to shift 
away from repetitive grading and toward the more complex, human-centered aspects of teaching and learning. 
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