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Abstract  

Manual grading of English as a Foreign Language (EFL) essays often leads to inconsistent scores among educators, despite 

the use of rubrics. While traditional Automated Essay Scoring (AES) systems offer speed, they often fail due to high 

computational cost, reliance on extensive datasets, and an inability to capture holistic writing qualities such as creativity and 

humanistic expression. This study addresses these issues by introducing AESCORE, a novel, lightweight, and cost-effective 

AES framework. Our methodology centers on integrating validated rubric criteria (identified via VOSviewer analysis) with 

open-source Large Language Models (LLMs), specifically emphasizing a human-centered approach. We evaluated AESCORE 

across 100 EFL essays using several prompting techniques, including few-shot and multi-trait specialization. The system 

achieved its most robust performance and high scoring consistency (Quadratic Weighted Kappa QWK = 0.6660) using the 

DeepSeek-R1 8B LLM with few-shot prompting. AESCORE represents a significant contribution by demonstrating that 

sophisticated, pedagogically-aligned writing assessment and generative feedback can be achieved with accessible AI, offering 

a reliable alternative for improving productive writing skills in higher education. 
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1. Introduction  

Manually scoring and providing feedback on student’s 

English essays have been viewed challenging [1] 

because the rubric assessment still leads to inconsistent 

score among higher education educators [2-3]. 

Although such issues are addressed by implementing 

AES to assess essay writing, educators in higher 

education have not fully embraced it due to its inability 

to capture creative, artistic, and humanistic elements 

[4]. Its application in assessing students’ creativity 

remains unsuccessful [5]. 

With the rapid advancement of natural language 

processing and the increasing demand to incorporate 

creativity and humanistic dimensions in essay scoring 

systems, technology-based solutions are becoming 

essential to help students improve their writing more 

effectively [6]. One such solution is Automated Essay 

Scoring (AES) [7], a system that uses natural language 

processing (NLP) to assess writing based on linguistic 

features such as sentence structure, grammar, 

coherence, and argument flow [1]. With AI-based 

models, AES can provide faster, more objective, and 

consistent feedback compared to manual grading [8]. 

In a previous study by Y. Song [9], a few-shot learning 

method was used on 600 English essays written by 

children, using various large language models (LLMs), 

including ChatGLM2-6B, which achieved a Quadratic 

Weighted Kappa (QWK) score of 0.531. Another study 

by M. Uto [10] combined Item Response Theory (IRT) 

and feature engineering with the BERT transformer 

model on the ASAP Kaggle dataset, reaching a 

Weighted Kappa score of 0.894. These results show the 

high potential of LLMs as the foundation for 

https://doi.org/10.29207/resti.v10i2.7012
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developing modern AES systems [11]. Moreover, 

smaller-parameter LLMs are still underexplored, 

presenting further research opportunities [12]. 

Despite progress in modern AES, there is still a lack of 

research utilizing recent open-source large language 

models (LLMs) [13] available on platforms like 

Ollama—such as LLaMA 3.1 (8B), Mistral 7B, Qwen 

3 (8B), Gemma 3 (4B), and DeepSeek R1 (8B). These 

low-resource models (4–8B parameters) offer 

computational efficiency and are well-suited for 

lightweight AES applications but remain largely 

underexplored [14]. Building on the work of Mansour 

et al. [15] which showed that LLaMA 2 (13B) achieved 

a QWK score of 0.562 through prompting, smaller 

models like LLaMA 3.1 [16] hold strong potential for 

developing scalable and cost-effective AES systems, 

especially in resource-limited settings. 

In terms of datasets, most prior AES research has relied 

on secondary data from platforms like Kaggle [5]. Few 

studies use primary datasets built through direct data 

collection. For instance, Y. Song's[9] study used 600 

original English essays and performed comparably to 

studies using Kaggle data. Primary datasets can offer 

more relevant and authentic context for AES 

applications[17]. Additionally, many existing AES 

systems lack automated feedback features and validated 

rubric assessment taken from experts [18], which are 

critical in helping students develop productive writing 

skills, especially when learning English as a foreign 

language [19]. 

After reviewing some literatures, this paper highlights 

several contributions such as the exploration of AES 

development within the context of low-resource 

computing through the use of medium-to-mini [20] 

scale large language models (LLMs), ranging from 4 to 

8 billion parameters. These models are considered more 

computationally efficient [21] yet remain underutilized 

in AES research, despite prior findings such as those by 

Mansour et al [15]. demonstrating that LLaMA 2, even 

at a medium scale of 13 billion parameters, can achieve 

competitive performance based on the Quadratic 

Weighted Kappa (QWK) metric, the use of a primary 

dataset of 100 essays, directly curated by English 

language experts from an autonomous public university 

in Indonesia, to ensure an authentic representation of 

the user context and learner proficiency [22], and the 

integration of automated feedback features that not only 

assign essay scores but also provide instructional 

suggestions to support the improvement of students' 

writing skills. 

The goal of this work is to develop a more accurate and 

context-aware AES system. The system is expected to 

help students improve their essay writing skills [23],  

while also offering an efficient and scalable assessment 

tool for educational institutions [24] which providing 

quick, objective, and relevant feedback for both 

academic and international professional contexts. 

2. Methods 

Manually scoring and providing feedback on student’s 

English essays have been viewed challenging [1] 

because the rubric assessment still leads to inconsistent 

score among higher education educators [2], [3]. 

Although such issues are addressed by implementing 

AES to assess essay writing, educators in higher 

education have not fully embraced it due to its inability 

to capture creative, artistic, and humanistic elements 

[4]. Its application in assessing students’ creativity 

remains unsuccessful [5]. 

This study employs an experimental design that 

integrates prompt engineering with machine learning-

based scoring to develop an automated essay scoring 

system by selecting only one best-performing LLM 

based on the highest QWK value. The dataset, 

constructed from manually scored student essays and 

detailed rubrics, was organized into a structured format 

and split into balanced training and testing sets.  

As shown in Figure 1, four prompting strategies [25] 

were designed to guide the LLMs: zero-shot [26], few-

shot [27] (with 1, 3, or 5 examples), Chain-of-Thought 

(CoT) [28], and Multi-Trait Specialization Prompts [29] 

(covering Content Argument, Organization, Language 

Style, and Theoretical Grounding). These prompts were 

manually crafted and embedded into the input to 

enhance the model’s understanding of the scoring task. 

Five pre-trained LLMs—LLaMA 3.1:8b, Mistral 7b, 

Qwen 3:8b, DeepSeek R1:8b, and Gemma 3:4b—were 

tested using the proposed prompting methods to 

generate both predicted scores and textual feedback.  

Scoring performance was evaluated using the QWK 

metric to assess agreement between model predictions 

and human-assigned scores. Meanwhile, the quality of 

generated feedback was evaluated using cosine 

similarity against reference feedback to measure 

semantic alignment. The LLM–prompt pairing with the 

highest QWK value was selected and further optimized 

through prompt tuning, enhancing both scoring 

accuracy and the relevance of generated feedback. 

2.1 Data Source and LLMs Selection 

The dataset used in this study consists of 100 academic 

essays collected from an essay-writing task assigned by 

lecturers at an autonomous public university. Students 

were given a set of predetermined topics and asked to 

write essays in document format. These essays were 

then submitted to their respective lecturers for 

evaluation. The scoring process involved a structured 

rubric-based assessment, where each essay was 

evaluated against 37 rubrics. These rubrics were 

developed and validated using keyword network 

analysis via VOS viewer, based on Scopus-indexed 

literature to ensure academic relevance, as shown as 

Figure 2. Additionally, the dataset and code can be 

accessed at https://zenodo.org/records/16536693[30].  

https://zenodo.org/records/16536693
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Figure 1. Overview of the Automated Essay Scoring (AES) Methodology Pipeline. This figure illustrates the full workflow for developing 

the AES system, integrating prompt engineering with machine learning-based scoring. 

For each rubric, lecturers assigned a binary score of 

either 0 (not fulfilled) or 1 (fulfilled). Each rubric was 

also assigned a specific weight, and the final essay score 

was calculated by accumulating the weighted rubric 

scores, providing a comprehensive assessment of the 

student's writing ability, as shown in Table 1 (Essay 

Scoring Rubrics). After manual scoring by several 

English lecturers, we obtained a curated dataset of 100 

academic essays written by students at an autonomous 

public university. Each essay was evaluated using 37 

validated rubrics, scored with binary values (0 or 1), 

where each rubric carried a specific weight contributing 

to the final score. The resulting dataset includes both 

overall essay scores and fine-grained rubric-level 

annotations, making it well-suited for automated 

scoring model development. 

An overview of the dataset characteristics is provided 

in Table 2. Table 2 summarizes the dataset by 

categorizing essays into score ranges. No essays fall 

within the 0–20 range, while the majority are clustered 

between 41–80. Interestingly, higher-scoring essays 

tend to have lower average word and sentence counts. 

For example, essays in the 21–40 range average 687.75 

words and 35.50 sentences, compared to 574.73 words 

and 28.82 sentences in the 81–100 range. Despite 

variations in length, syntactic depth—a proxy for 

sentence complexity—remains relatively stable across 

all score groups, suggesting that essay quality is not 

solely determined by length or structural complexity. 

 

Figure 2. Essays were written by university students and graded using 37 rubric items derived from Scopus-indexed literature via 

VOSviewer. Lecturers assigned binary scores (0 or 1) to each item, weighted to calculate a total score. 
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Table 1. Essay Scoring Rubrics 

w Database Keyword Indicator Description 

4 argumentative The essay has a clear Thesis statement to discuss; topic and controlling idea. 

2 comparison The essay compares two objects/two subjects as examples 

3 syntactic complexity The essay has a various type of sentences; simple, complex, compound, compound-complex 

3 condition The essay presents the condition/context where the problem arises 

4 current study the essay uses data/example/statistic that is current/up-to-date 

2 difference The essay indicates the essay is different from other essays. 

2 engagement The essay can attract readers to be engaged in reading the whole essay despite its introduction. 

2 genre The essay has a clear category /type of essay 

4 grammar The essay uses proper tenses in 80% of the whole sentences. 

4 lexical sophistication The essay uses proper dictions that do not reflect 'AI generated' words/dictions 

2 motivation The essay presents the writer's motivation in writing the essay /goals/aims 

4 organization The essay has a clear essay organization; introduction, thesis statement, body paragraphs, topic 

sentence, conclusion 

2 pedagogical implication the essay simply indicates impacts in practice. 

3 relation The essay presents a good relation from one sentence to another sentence 

4 topic The body paragraph has Topic Sentence that relates to the thesis statement 

3 total The essay meets the number of required words in total 

2 vocabulary The essay presents varied vocabulary despite sophisticated 

2 combination The essay combines definition, examples, details 

2 education The essay addresses issues relating or being implemented to Higher Education in practices. 

2 effectiveness The sentences are straight forward 

2 field The essay can be categorized in a precise field or multidisciplinary field. 

4 form the essay has a five-paragraph form without subtitles 

2 framework The essay employs a theoretical perspective 

3 future research The essay gives recommendation, suggestions, predictions in its conclusion 

2 limitation The essay presents what is not covered in the essay, or limitations 

2 need The essay presents there is a need to raise the issue written in the essay 

4 review The essay reviews the problems/ the context at the introduction 

2 information Information provided is concise, clear, chronologically 

2 academic Its vocabulary is academic 

4 article The essay cites references from the last 5-year articles. 

2 discourse The essay presents author's individual perspective in the Indonesian context 

2 issue The issue raised in the essay is happening now 

2 reader 

The essay addressess clear readers , to whom the essay is addressed bringing more impacts to 

readers. 

4 reason Body paragraphs present some reasons to support arguments.  

2 strategy The essay employes pros and cons in its structure 

2 theory The essay inserts some citations from a theoretical perspective 
Each rubric has a weight (w) and is scored 0 or 1 by the lecturer. The final score per rubric is calculated as w × binary score (e.g., 4 × 0 = 0). 

Table 2. Overview of Dataset 

score 

range 

sample 

size 

word count 

mean 

sentence 

count mean 

syntactic 

depth 

mean 

0-20 0 null null null 

21-40 4 687.75 35.50 20.82 

41-60 29 639.03 30.90 20.84 

61-80 45 590.96 31.16 19.66 

81-100 22 574.73 28.82 20.14 

The selected models—LLaMA 3.1:8b, Mistral 7b, 

DeepSeek R1:8b, Qwen 3:8b, and Gemma 3:4b—were 

chosen for their structural similarity, modern 

optimization techniques, and suitability for low-

resource environments. As shown in Table 3, most 

operate within the 7–8B parameter range and share 

consistent architectural traits such as 32 layers, 4,096-

dimensional embeddings, and 32 attention heads, 

enabling fair benchmarking. One 4B model was 

intentionally included to explore whether a smaller-

scale model can outperform larger ones, enabling 

comparison between mini and medium-sized models. 

Additionally, features like extended context lengths 

(e.g., Qwen 3: 128K, DeepSeek R1: 32K) and tuning 

methods (e.g., GQA, SFT, DPO) enhance their 

relevance for essay scoring tasks requiring nuanced 

semantic understanding over long sequences. Their 

open-source availability on Ollama further supports 

reproducibility and accessibility. 

Table 3. Selection of Open Source Lightweighted LLMs 

Name Publisher 
Parameter 

Category 
Release Time 

Llama 3.1:8b Meta Medium July 23, 2024 

Mistral 7b Mistral AI Medium September 27, 

2023 

Qwen 3:8b Alibaba 

Cloud 

Medium April 29, 2025 

Deepseek 

R1:8b 

Deepseek Medium January 2025 

Gemma 3:4b Google Mini March 10, 2025 

2.2 Performance Metric 

This research is using Quadratic Weighted Kappa 

(QWK) as performance metric calculation where is 

formulated as shown in Equation 1. First, a histogram 

matrix O 𝑁 𝑥 𝑁 is constructed, where O 𝑖, 𝑗 corresponds 

to the number of installation_id 𝑖 (actual) that receive 

the predicted scores. A weight matrix 𝑁 𝑥 𝑁, 𝜔  is then 

calculate based on the difference between the actual and 

predicted values: 

𝜔𝑖,𝑗 =
(𝑖−𝑗)2

(𝑁−𝑖)2                           (1) 
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The histogram matrix 𝑁 𝑥 𝑁 of the expected result, 𝐸 is 

calculated under the assumption that there is no 

correlation between the scores. It is computed as the 

outer product of the actual outcome histogram vector 

and the predicted outcome histogram vector, 

normalized so that 𝐸 and 𝑂 have the same total sum. 

Thus, based on these three matrices, the Quadratic 

Weighted Kappa (QWK) is calculated using Equation 

2. 

𝜅 = 1 −
∑ 𝜔𝑖,𝑗 𝑂𝑖,𝑗

𝑗
𝑖    

∑ 𝜔𝑖,𝑗 𝐸𝑖,𝑗
𝑗
𝑖

                               (2) 

As shown in Table 4. It is important to note that the 

Quadratic Weighted Kappa score is a ratio that can 

range from -1 to 1. A negative QWK score implies that 

the model performs worse than a random model. A 

random model is expected to produce a score close to 0. 

Finally, a perfect prediction will yield a score of 1. 

Table 4. Value Range of QWK 

Value Range Level of Consistency 

< 0.2 Very Low 

0.2–0.4 Low 

0.4–0.6 Moderate 

0.6–0.8 High 

0.8–1.0 Almost Perfect 

Furthermore, Figure 3 illustrates the performance of 

five Large Language Models (LLMs) in AES using the 

QWK metric across nine prompting techniques. It 

reveals significant variability in AES performance 

based on both the LLM and the prompting strategy, with 

few-shot learning (e.g., FS-1e) often proving beneficial 

for models like Llama 3.1:8b and Mistral 7b, while 

Chain-of-Thought (CoT) prompting can yield mixed 

results, even detrimental for some like Gemma 3:4b. 

The data emphasizes that selecting the optimal LLM 

and prompting technique is crucial for robust AES, as 

there is no single best approach for all scenarios. 

 

Figure 3. QWK performance comparison across five large language models (LLMs) under nine different prompting techniques for 

Automated Essay Scoring (AES). 

3. Results and Discussions 

The result highlights the comparative performance of 

different large language models (LLMs) based on their 

QWK scores across various prompting techniques As 

shown in Table 5 (Summary of AES Performance 

Result) among the evaluated models, DeepSeek R1 8b 

emerges most frequently as the best-performing model, 

securing the highest QWK in four different techniques: 

ZS, FS-1e, FS-3e, and MTS-os. This indicates its strong 

reliability in both zero-shot and few-shot prompting 

scenarios. Qwen 3:8b excelling in four other techniques 

including FS-5e, CoT-ZS, MTS, and MTS-ca, 

showcasing its robustness particularly in multi-turn and 

few-shot settings. Importantly, Gemma 3:4b achieves 

the overall highest QWK score of 0.6660 under the FS-

1e setup, indicating its peak performance when 

provided with a single example. Conversely, Gemma 

3:4b and Llama 3:8b appear less frequently, suggesting 

more limited generalizability across methods compared 

to DeepSeek R1 8b and Qwen 3:8b. 

Table 5. Summary of AES Performance Result  

Method Best Model Best QWK 

ZS DeepSeek R1 8b 0.5811 

FS-1e DeepSeek R1 8b 0.666 

FS-3e DeepSeek R1 8b 0.5774 

FS-5e Qwen 3:8b 0.5285 

CoT Gemma 3:4b 0.6347 

CoT-ZS Qwen 3:8b 0.5754 

CoT-FS Mistral 7b 0.6202 

MTS Qwen 3:8b 0.6341 

MTS-ca Qwen 3:8b 0.548 

MTS-os DeepSeek R1 8b 0.5893 

MTS-ls DeepSeek R1 8b 0.5944 

MTS-dtg Llama 3:8b 0.5917 

Violin plot as shown in Figure 4 visualizes the density 

and dispersion of essay scores produced by the model 

versus the actual ground truth.  
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The left panel ("Actual") represents the score 

distribution as assigned by human raters, while the right 

panel ("Predicted") reflects the scores generated by 

DeepSeek R1 8b. Both distributions exhibit similar 

central tendencies and spread, suggesting that the model 

effectively captures the underlying scoring patterns. 

The interquartile ranges and median positions indicate 

that the model tends to approximate the human-labeled 

scores with minimal systematic bias, although slight 

overestimation is observed in the upper quartile. This 

alignment reflects DeepSeek R1 8b’s robustness and 

sensitivity to the few-shot example provided, further 

supporting its strong performance in earlier QWK 

evaluations.  

 
Figure 4. Distribution comparison between actual and predicted 

essay scores using best achieved QWK of 0.666 DeepSeek R1 8b 

with a few-shot (1-example) prompt. 

3.1 Zero Shot Method 

Zero-shot is a prompting technique that is natural and 

intuitive, as it involves interacting directly with the 

LLM without providing any examples or demonstration 

flows. As previously explained in methodology this 

research utilizes five (5) types of medium and mini 

LLMs, with parameter variations ranging from 8 billion 

(medium-size) to 4 billion (mini-size), for performance 

comparison.    Table 6 presents the performance results 

of these five LLM models after applying the zero-shot 

prompting technique. 

Table 6. AES Performance Result on Zero Shot Method 

Model QWK 

Llama 3.1:8b 0.567 

Mistral 7b 0.518 

Qwen 3:8b 0.461 

DeepSeek R1:8b 0.581 

Gemma 3:4b 0.472 

The results presented in the Table 6, DeepSeek R1:8B 

achieved the highest QWK score of 0.581, indicating 

the strongest agreement with human-assigned essay 

scores. LLaMA 3.1:8B with a QWK of 0.567, also 

demonstrating a high level of predictive reliability. In 

contrast, Qwen 3:8B and Gemma 3:4B performed less 

effectively, with QWK scores of 0.461 and 0.472 

respectively, suggesting weaker alignment with human 

evaluations. Mistral 7B placed in the middle with a 

score of 0.518.  

3.2 Few-Shot Method 

In contrast, few-shot prompting leverages the in-context 

learning capabilities of LLMs by including a small 

number of relevant input-output examples directly 

within the prompt. This research specifically explores 

three few-shot configurations: 1 essay, 3 essays, and 5 

essays as illustrative examples. The selection of these 

quantities is aimed at identifying how the model adapts 

its understanding of the task with varying levels of 

contextual information—minimal (1 essay), moderate 

(3 essays), and slightly richer (5 essays). These 

configurations allow for the analysis of the point at 

which adding more examples either yields diminishing 

returns or leads to optimal performance on the given 

task, while also testing the model’s ability to generalize 

from a limited set of demonstrations. 

Table 7 presents the QWK scores achieved by five 

LLMs across three different few-shot prompting 

settings, using 1, 3, and 5 examples (fws-1e, fws-3e, 

fws-5e). Among all models, DeepSeek R1:8B 

consistently outperformed others in the 1-example 

setting with the highest QWK score of 0.666, indicating 

strong agreement with human raters even with minimal 

guidance. LLaMA 3.1:8B and Gemma 3:4B also 

demonstrated relatively stable performance in the 1-

shot setup with QWK values of 0.635 and 0.618, 

respectively. However, performance tended to decline 

or fluctuate as the number of examples increased, 

suggesting that not all models benefitted from more 

demonstrations. Interestingly, Qwen 3:8B achieved its 

highest score in the 3-example setting (0.579), while 

most other models peaked with only one example, 

highlighting the variable impact of example count on 

model scoring consistency. 

Table 7. AES Performance Result on Few Shots Method 

Model QWK fws-1e QWK fws-3e 
QWK fws-

5e 

Llama 3.1:8b 0.635 0.521 0.528 

Mistral 7b 0.583 0.488 0.513 

Qwen 3:8b 0.611 0.579 0.489 

DeepSeek 

R1:8b 

0.666 0.577 0.510 

Gemma 3:4b 0.618 0.519 0.527 

3.3 Chain-of-Thought Method 

This research also explores the integration of Chain-of-

Thought (CoT) prompting with both zero-shot and few-

shot approaches for interaction with LLMs, specifically 

in the context of essay scoring tasks. The zero-shot CoT 

approach is applied by instructing the model to generate 

reasoning steps and responses without explicit 

examples, relying solely on the model’s pre-trained 

knowledge. In contrast, the few-shot CoT method 

leverages the in-context learning capability of LLMs by 

providing a single essay as a reference example, 

enabling the model to mimic the desired reasoning 

structure. The use of only one example in the few-shot 
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setup is intended to test the model’s ability to adapt its 

understanding of the task with minimal contextual 

information, while also evaluating its capacity to 

generalize and construct a coherent chain of thought 

from a highly limited demonstration in performing 

essay assessment. 

Table 8 presents result using Chain-of-Thought (CoT) 

prompting strategies, combined with either zero shot 

(cot+zs) or few-shot (cot+fws) configurations. The 

results highlight that incorporating few-shot examples 

into CoT prompting generally leads to improved 

scoring consistency with human evaluators, particularly 

evident in Mistral 7B and Gemma 3:4B, which achieved 

QWK scores of 0.620 and 0.546, respectively—both 

higher than their zero-shot counterparts. Qwen 3:8B 

exhibits strong performance under both strategies, 

showing a slight increase from 0.575 (cot+zs) to 0.586 

(cot+fws). In contrast, models such as LLaMA 3.1:8B 

and DeepSeek R1:8B perform better with zero-shot 

CoT, suggesting that the effect of additional few-shot 

examples may vary depending on model-specific tuning 

and architecture.  

Table 8. AES Performance Result on Chain-of-Thought Method 

Model QWK cot+zs QWK cot+fws 

Llama 3.1:8b 0.472 0.445 

Mistral 7b 0.516 0.620 

Qwen 3:8b 0.575 0.586 

DeepSeek R1:8b 0.530 0.456 

Gemma 3:4b 0.505 0.546 

3.4 Multi-Trait Specialization 

The Multi-Trait Specialization technique decomposes 

the evaluation process into four distinct dimensions, 

each aligned with a specific scoring rubric: Content 

Argumentation (CA), Language and Style (LS), 

Organization and Structure (OS), and Disciplinary and 

Theoretical Grounding (DTG). For each rubric, the 

LLM is instructed to analyze and assign scores 

independently, enabling a more granular and focused 

assessment of each essay component. This approach 

aims to enhance the accuracy and interpretability of 

model evaluations by leveraging the LLM's ability to 

process complex and targeted instructions for each 

scoring dimension, in contrast to traditional holistic 

scoring methods. 

As described in Table 9, Qwen 3 model achieved the 

highest QWK in the CA and DTG dimensions, 

indicating strong capabilities in content relevance and 

theoretical articulation. Meanwhile, DeepSeek R1 

demonstrated superior performance in OS, suggesting 

its strength in understanding structural coherence. 

Gemma 3 performed consistently well across all traits 

despite its smaller parameter size (4B), particularly in 

OS and CA. These results highlight that while no single 

model dominates in all traits, specific models excel in 

certain scoring dimensions, offering valuable insights 

for targeted AES implementations. 

 

Table 9. AES Performance Result on Multi-Trait Specialization 

Method 

Model mts-ca mts-os mts-ls mts-dtg 

Llama 3.1:8b 0.5164 0.5318 0.5146 0.472 

Mistral 7b 0.4748 0.4729 0.4793 0.516 

Qwen 3:8b 0.5480 0.4371 0.4850 0.575 

DeepSeek 

R1:8b 

0.4970 0.5893 0.4881 0.530 

Gemma 3:4b 0.5185 0.5667 0.5089 0.505 

The future trajectory of Automated Essay Scoring 

(AES) lies in developing Explainable Artificial 

Intelligence (XAI) systems that can match the rigor and 

interpretability demonstrated in advanced 

computational modeling. To truly realize the potential 

of AES, future work must focus on integrating deep 

learning architectures with explicit pedagogical 

insights, moving beyond surface-level feature 

detection. This necessitates building transparent and 

high-confidence assessment systems that utilize deep 

learning for performance prediction [31], while 

simultaneously tackling critical challenges such as data 

heterogeneity and bias inherent in educational datasets 

[31]. Furthermore, enhancing the core AI models 

requires continuous hyperparameter tuning and 

optimization techniques [32] to improve scoring 

accuracy for nuanced, qualitative constructs—the 

current weakness of AES. The field must also embrace 

advanced system architectures, such as Federated 

Learning and Edge Computing, to manage privacy and 

scale the deployment of these complex models across 

diverse institutional networks[33-34]. Finally, future 

AES development must leverage robust data 

methodologies, ensuring effective distributed data 

management and processing to underpin the efficiency 

of next-generation, integrated AI assessment platforms 

in a friendly elearning platform [35-36]. 

4. Conclusions 

This study presented AESCORE, an automated essay 

scoring framework that integrates validated rubric-

based assessment with lightweight open-source large 

language models (LLMs) to support reliable and 

pedagogically aligned writing evaluation. Through 

extensive experimentation on 100 manually scored EFL 

essays, the results demonstrate that medium-to-mini 

scale LLMs (4–8B parameters) can achieve strong 

agreement with human raters, particularly when guided 

by carefully designed prompting strategies.  

The findings highlight that few-shot prompting with a 

single example offers an effective balance between 

scoring accuracy and computational efficiency, 

enabling cost-effective deployment without reliance on 

large proprietary models. This is especially significant 

for higher education institutions in resource-constrained 

environments, where access to scalable and transparent 

assessment tools remains limited. 

Beyond scoring accuracy, AESCORE provides 

instructional feedback aligned with expert-validated 

rubrics, supporting formative assessment and the 
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development of students’ academic writing skills. This 

positions the proposed framework not only as an 

evaluation tool, but also as a practical learning support 

system that complements human instruction rather than 

replacing it. 

Overall, this work contributes to the advancement of 

human-centered, explainable, and scalable AES 

systems, demonstrating that accessible AI technologies 

can meaningfully support writing assessment in real 

educational contexts. Future work will extend this 

framework through explainable AI techniques, larger 

multi-institutional datasets, and privacy-preserving 

deployment strategies to further enhance robustness and 

adoption.  
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