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 Automated essay scoring (AES) systems are commonly implemented using 

holistic scoring, which limits interpretability and prevents assessment at the 

writing trait level. As a result, such systems provide limited diagnostic and 

actionable feedback. To address this limitation, this study proposes a 

modular trait-based AES framework that separates structure and grammar 

evaluation while maintaining an integrated scoring mechanism. The 

proposed framework consists of two modules. The structure module 

evaluates the ideas, organization, and style traits using a bidirectional 

encoder representations from transformer-bidirectional long short-term 

memory (BERT-BiLSTM-Attention) architecture trained on the automated 

student assessment prize (ASAP) dataset. The grammar module evaluates 

the Conventions trait by applying a BERT-based grammatical acceptability 

classifier trained on the Corpus of linguistic acceptability (CoLA) dataset, 

followed by multinomial logistic regression to convert grammatical patterns 

into interpretable grammar scores. Experiments were conducted on the 

ASAP dataset and evaluated using the quadratic weighted Kappa (QWK) 

metric. The structure module achieved a QWK score of 0.7906 on the test 

set, while the grammar module obtained a QWK of 0.3923. The integrated 

holistic score reached a QWK of 0.7847. These results demonstrate that the 

proposed modular framework improves interpretability and scoring 

performance, supporting more objective and actionable essay evaluation for 

formative assessment in English language education. 
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1. INTRODUCTION 

Essay assessment plays a crucial role in educational evaluation as it reflects students’ critical 

thinking, reasoning ability, and written communication skills. In most educational settings, essay scoring is 

traditionally performed manually using holistic judgment, where evaluators assign a single overall score 

based on their subjective impression of the essay quality. Although this approach is widely adopted due to its 

simplicity, it suffers from several inherent limitations, including subjectivity, inter-rater inconsistency, and 

evaluator fatigue, all of which may compromise fairness and reliability in large-scale assessments [1]. 

To address these issues, automated essay scoring (AES) systems have been extensively studied as an 

alternative that leverages natural language processing (NLP) and machine learning (ML) techniques to 

automatically evaluate student essays [2]. Early AES systems predominantly relied on surface-level features 

such as essay length, word frequency, vocabulary richness, and spelling or grammar errors. While 

computationally efficient, these features fail to capture deeper semantic meaning and discourse coherence, 

https://creativecommons.org/licenses/by-sa/4.0/
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allowing essays with weak arguments but mechanically correct writing to receive disproportionately high 

scores [3]-[5]. Several publicly available datasets have been introduced to support AES research, including 

the automated student assessment prize (ASAP) dataset, which provides trait-level annotations for essay 

attributes [6]. These datasets have facilitated the development of more fine-grained scoring models and 

highlighted the importance of moving beyond surface-level features toward deeper semantic and structural 

analysis. 

Recent advances in deep learning have significantly improved AES performance through the 

adoption of neural architectures such as convolutional neural networks (CNN), long short-term memory 

(LSTM) networks, and Transformer-based models. Among these approaches, bidirectional encoder 

representations from transformers (BERT) has demonstrated strong capability in modeling contextual and 

semantic relationships within text, leading to notable performance gains in AES tasks [7]-[9]. Subsequent 

studies further show that fine-tuning BERT for AES enables task-specific adaptation and significantly 

improves scoring accuracy compared to using frozen embeddings [10], [11]. 

Despite these improvements, most existing BERT-based AES systems still adopt a holistic scoring 

paradigm, producing a single overall score for each essay. This design limits interpretability and fails to 

provide diagnostic feedback on specific writing traits such as ideas, organization, style, and grammatical 

correctness. Some studies attempt to incorporate grammar-related features into BERT-based models; 

however, grammar is typically treated as an auxiliary feature embedded within a single scoring model rather 

than as an independently evaluated trait [7], [12]. In parallel, research on grammatical acceptability has 

shown that sentence-level grammar judgments can be effectively modeled using neural classifiers trained on 

the Corpus of linguistic acceptability (CoLA) dataset, providing a principled foundation for explicit grammar 

evaluation in downstream applications [13]. 

Recent studies in explainable AES emphasize the growing need for transparent and diagnostically 

meaningful assessment systems. Beyond predictive performance, educational applications require models 

that provide interpretable feedback aligned with specific writing traits. This demand reinforces the 

importance of modular and trait-oriented architectures that can deliver both reliable scoring and 

pedagogically actionable insights [14]. 

Recent large language model (LLM)-based AES studies further demonstrate that although 

transformer architectures significantly improve semantic modeling, many systems still rely on unified scoring 

mechanisms that limit interpretability. Hybrid frameworks integrating contextual embeddings with explicit 

trait modeling show improved robustness and diagnostic capability, highlighting the importance of modular 

and interpretable scoring designs in educational assessment [15]. 

To address this gap, this paper proposes a novel modular trait-based AES framework that explicitly 

decomposes essay assessment into distinct yet complementary components. The proposed system consists of 

two specialized modules. The structure module evaluates higher-level writing traits ideas, organization, and 

style using a bidirectional encoder representations from transformer-bidirectional long short-term memory 

(BERT-BiLSTM-Attention) architecture trained on the ASAP dataset. This module focuses on semantic 

coherence, discourse structure, and stylistic consistency. In parallel, the grammar module evaluates the 

Conventions trait using a BERT-based grammatical acceptability classifier trained on the CoLA dataset, 

followed by multinomial logistic regression to map detected grammatical patterns into interpretable grammar 

scores. 

To evaluate the effectiveness of the proposed framework, quadratic weighted Kappa (QWK) is 

employed as the primary performance metric, as it is widely adopted in AES research due to its suitability for 

ordinal scoring and its ability to penalize larger prediction errors more severely. Recent studies emphasize the 

importance of QWK in ensuring fair and reliable comparison between automated and human essay scores 

[16]. In addition to evaluation considerations, prior work on transformer-based AES in non-English contexts 

demonstrates the robustness and adaptability of contextual language models across different languages and 

educational settings, supporting the generalizability of the proposed approach [17]. 

The key novelty of this work lies in its explicit modularization of grammar assessment as a 

standalone classification-based component, which fundamentally differs from prior BERT-based AES 

approaches that embed grammar features within a single holistic scoring model. By decoupling semantic 

structure evaluation and grammatical assessment into independent yet integrated modules, the proposed 

framework enhances trait-level interpretability, enables more precise diagnostic feedback, and improves 

computational efficiency while maintaining competitive scoring performance. Unlike most existing AES 

approaches, this study integrates a BERT-based semantic scoring module and a BERT-based grammar 

evaluation module within a unified yet modular trait-based framework. 

Unlike prior BERT-based AES systems that rely on holistic or unified multi-trait prediction within a 

single architecture, the proposed framework adopts an explicitly modular design that separates semantic 

structure evaluation from grammatical competence assessment. Previous approaches typically embed 
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grammar implicitly within shared essay representations. In contrast, this study trains two independently 

optimized modules using distinct datasets (ASAP for structure and CoLA for grammar), enabling task-

specific learning and reducing representational interference. Furthermore, grammar scores are derived from 

interpretable linguistic features extracted from a dedicated acceptability classifier, enhancing diagnostic 

transparency and improving flexibility compared to monolithic BERT-based scoring models. 

The main contributions of this study are threefold. First, this work proposes a modular trait-based 

AES architecture that explicitly separates structure and grammar evaluation while preserving an integrated 

scoring framework, enabling more focused and interpretable assessment of distinct writing aspects. Second, a 

hybrid grammar scoring mechanism is introduced by combining BERT-based grammatical acceptability 

detection with statistical classification, allowing grammatical errors to be translated into transparent and 

diagnostically meaningful scores. Third, this study demonstrates that trait-level scoring provides significant 

advantages over conventional holistic AES systems by improving interpretability, fairness, and the system’s 

ability to diagnose specific strengths and weaknesses in student writing. The proposed framework advances 

AES beyond single-score prediction by providing more transparent, objective, and actionable feedback, 

making it particularly suitable for formative assessment and educational applications that aim to support 

writing development. 

 

 

2. METHOD 

Explaining this research was trained using two main types of datasets, namely ASAP dataset and 

CoLA dataset. The ASAP is used as the main source for all stages of the system because it contains a 

collection of student essays that have been scored by human raters, making it highly relevant for training and 

testing AES. Meanwhile, the CoLA is used specifically to train the grammar checking module, as CoLA 

provides grammaticality labels for thousands of sentences, allowing the model to learn to distinguish 

grammatical and ungrammatical sentences. 

To further clarify the procedural flow of the proposed system, Algorithm 1 presents the pseudocode 

of the modular trait-based AES pipeline from input preprocessing to holistic score generation. 

 

Algorithm 1. Modular trait-based AES pipeline 

Input: 

Preprocessed essays from the ASAP dataset 

Output: 

Trait-level scores (Ideas, Organization, Style, Conventions) and holistic score 

Steps: 

1. Tokenize each essay using a BERT-compatible tokenizer. 

2. Encode the essay using pretrained BERT embeddings. 

3. Pass embeddings through a BiLSTM layer followed by attention pooling. 

4. Predict Ideas, Organization, and Style scores. 

5. Compute the structure score using a weighted aggregation of the three traits. 

6. Split the essay into sentences for grammar analysis. 

7. Classify grammatical acceptability using a BERT-based grammar checker. 

8. Extract grammar-related features from sentence-level predictions. 

9. Predict the grammar score using multinomial logistic regression. 

10. Combine structure and grammar scores to produce the holistic score. 

 

Figure 1 illustrates the overall workflow of the proposed modular AES system, including data 

preprocessing, independent training of structure and grammar modules, and the final holistic score 

aggregation. The proposed system comprises three main model training stages: i) structure scoring,  

ii) grammar checking, and iii) grammar scoring. In the first stage, a structure scoring model is trained to 

assess three key traits of essay structure ideas, organization, and style [9]. The model leverages BERT 

embeddings, which are passed through a bidirectional long short-term memory (BiLSTM) network followed 

by an attention layer to capture contextual relationships across essay sentences. Essays are tokenized into 

BERT-compatible input and trained using structure trait annotations from the ASAP dataset. The model 

outputs a score for each trait and a total structure score calculated as a weighted combination of the three. 

The second stage involves training a BERT-based binary classifier using the CoLA dataset to detect 

grammatical acceptability at the sentence level. This grammar checking model is later used to evaluate 

grammatical correctness across essay sentences. The third stage constructs a grammar scoring model using 

logistic regression. Numerical features are derived from the grammar checking outputs, such as the number 

of ungrammatical sentences per essay and per clause. These features are fed into a logistic regression model 

trained on grammar-annotated ASAP essays to predict grammar scores. 
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Upon completing all training stages, the system produces two primary outputs: a structure score 

(comprising three traits) and a grammar score. These are then combined into a holistic score based on 

predetermined weighting. Model performance covering structure, grammar, and holistic scoring is evaluated 

using the QWK metric. QWK is suitable for ordinal scoring tasks, as it accounts for both agreement and 

magnitude of error between predicted and human-assigned scores [16], [18], [19], making it widely adopted 

in essay scoring systems. 
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Figure 1. Workflow of the proposed modular trait-based AES system, including preprocessing, module 

training, and score aggregation 

 

 

2.1.  Dataset 

This research uses two complementary datasets: the ASAP AES dataset and the CoLA dataset, 

selected to support the two core components of the AES system-structure and grammar assessment [20], [21]. 

The ASAP dataset, sourced from a public Kaggle competition by the Hewlett Foundation, is used to train and 

evaluate the model in scoring essay structure. Among its eight essay sets, this study focuses on Set 7, written 

by 7th-grade students, as it includes trait-level annotations for ideas, organization, style, and grammar [6]. The 

dataset contains 1,569 essays, each averaging 11 lines and 250 words, and scored by two raters. The essays 

cover narrative, persuasive, and expository genres. Table 1 presents the raw data structure of the ASAP 

dataset prior to preprocessing. 
 

 

Table 1. Raw entries from the ASAP AES dataset with essay IDs, set information, excerpts, and trait-level 

scores from two raters (R1 and R2) 
Essay_id Essay_set Essay R1_T1 R1_T2 R1_T3 R1_T4 R2_T1 R2_T2 R2_T3 R2_T4 

17834 7 Patience is when your 

waiting. I was pa... 

1 2 2 3 1 2 2 2 

17836 7 I am not a patience 

person, like I can’t... 

1 1 2 2 2 2 2 1 

17837 7 One day I was at 

basketball practice and... 

1 2 2 2 2 2 2 2 

17838 7 I going to write about a 

time when I was... 

2 2 2 2 2 2 2 3 

 
 

The ASAP dataset includes the essay ID, essay set, and full essay text as model input. Each essay is 

rated by two annotators on four traits: ideas, organization, style, and conventions, each ranging from 0-3. The 

ideas score is multiplied by two, resulting in a total score between 0-15 based on the official rubric. 

The second dataset, the CoLA, is used to train the grammar checking model. It contains 10,657 

expert-annotated sentences labeled for grammatical acceptability, collected from 23 linguistic publications 

[22]. A BERT-based binary classifier is trained on CoLA and applied to sentences in the ASAP essays. The 

outputs are then aggregated into numerical features for grammar score prediction. Table 2 illustrates the 

sentence-level structure of the CoLA dataset used for grammatical acceptability classification. 

The CoLA dataset has four columns: a source code indicating the origin of the sentence, a binary 

label for grammatical acceptability (1=acceptable, 0=unacceptable), the original author’s acceptability rating, 

and the sentence itself. Together, ASAP and CoLA provide a complementary foundation for the AES system: 

ASAP supports scoring of essay content and structure, while CoLA enables grammatical error detection. 
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Table 2. CoLA dataset format with source, acceptability labels (1=acceptable, 0=unacceptable), linguistic 

judgment labels, and sentence text 
Source code Label OrigLabel Sentence 

gj04 1  The sailors rode the breeze clear of the rocks. 

gj04 1  The weights made the rope stretch over the pulley. 

gj04 1  The mechanical doll wriggled itself loose. 
cj99 1  If you had eaten more, you would want less. 

cj99 0 * As you eat the most, you want the least. 

 

 

2.2.  Data pre-processing 

The data pre-processing procedure began with filtering the ASAP dataset to include only essay set 7, 

ensuring rubric consistency for multi-trait scoring. Each essay was scored by two raters; the average score 

per trait was used to reduce inter-rater variability, then rounded to a 0-3 scale following the official rubric 

and prior research [10]. Structure assessment focused on three traits ideas, organization, and style distinct 

from the grammar trait (conventions), in line with standard essay evaluation practices [9]. The final structure 

score was calculated using the formula: 2×Ideas+Organization+Style, emphasizing idea development [9]. 

The grammar score was taken directly from the Conventions trait using the same averaging method. 

The cleaned dataset, consisting of essay text, trait scores, structure score, and grammar score, is 

presented in Table 3. Irrelevant features were removed, retaining only essential columns such as essay ID, 

text, and scoring information. After preprocessing, the dataset (1,569 essays) was split into training (70%), 

validation (15%), and testing (15%) sets using the train_test_split function. This division ensures balanced 

training, helps prevent overfitting, and enables reliable evaluation on unseen data. 

The distribution of the number of essays in each set can be seen in Table 4, which illustrates the data 

split to effectively support the training, validation, and testing processes of the model. This pre-processing 

process is essential to ensure that the data is in the right format and contains the features needed to effectively 

and accurately train and evaluate the AES system. 

 

 

Table 3. Preprocessed ASAP dataset entries with averaged rater scores and weighted structure score 

(2×Ideas+Organization+Style) 
Essay_id Essay (excerpt) Ideas_score Organization_score Style_score Grammar_score Structure_true_score 

18776 A time when someone 

else I knew... 
3 3 2 3 11 

17984 Patience is a virtue. It's 

something... 
2 2 2 3 8 

19215 I had a friend well she 
is @CAPS4... 

3 3 2 2 11 

18471 Have you ever have to 

wait in line... 
2 2 2 3 8 

 

 

Table 4. Distribution of essays across training, validation, and testing sets after dataset splitting with 

proportions of 70%, 15%, and 15%, respectively 
Dataset Number of essays Percentage (%) 

Training set 1098 70 
Validation set 235 15 

Testing set 236 15 

 

 

2.3.  Structure scoring module 

As shown in Figure 2, the module begins by tokenizing the essay using the BERT tokenizer (bert-

base-uncased), converting text into token IDs and attention masks. Since BERT limits input to 512 tokens, a 

sliding window strategy is used to handle longer essays [23]. Following Prabhu’s method, the text is split into 

overlapping segments (e.g., [0-512] and [256-768]) to retain context [7]. If tokens are fewer than 512, [PAD] 

tokens are added, and the attention mask assigns 1 to real tokens and 0 to padding. 

Each chunk is passed to the 12-layer BERT model, where multi-head self-attention and feed-

forward layers produce 768-dimensional contextual embeddings. These embeddings are fed into a two-layer 

LSTM: a larger first layer for capturing sequence information and a smaller second layer to reduce 

complexity. Dropout is applied to prevent overfitting. Then, attention pooling is used to weigh token 

importance and ignore padding during aggregation [12]. More relevant tokens are given more weight, while 

less important tokens, including padding, are ignored in the aggregation process. 
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Figure 2. BPM of the structure scoring module with tokenization, BERT embedding, BiLSTM-attention, and 

trait score prediction 
 

 

Recent research combining contextual sentence embeddings with LSTM-Attention architectures 

demonstrates that attention mechanisms significantly enhance the model’s ability to focus on salient textual 

components. This selective weighting strategy improves representation quality and contributes to better 

generalization in essay scoring tasks [24]. 

Each chunk is transformed into a fixed-size global vector representing its contextual content, which 

is then passed to three separate fully connected layers to predict ideas, organization, and style scores. These 

use ReLu activation and output float regression values, later rounded for evaluation. If multiple chunks exist, 

trait scores are averaged. The final structure score is computed as: 2×Ideas+Organization+Style. 

This module outputs both individual trait scores and the overall structure score based on rubric 

weighting. It follows a multi-trait scoring approach for more accurate and aspect-specific evaluation [9], [12], 

[25], with performance assessed using the QWK metric.  

During training, the structure scoring model was fine-tuned using the Adam optimizer with a 

learning rate of 2e-5, following common practice for Transformer-based models. The batch size was set to 16 

to balance memory constraints and training stability. The model was trained for 50 epochs, with early 

stopping based on validation loss to mitigate overfitting. Dropout regularization was applied within the 

BiLSTM layers to improve generalization. These hyperparameter values were selected based on preliminary 

experiments and prior studies employing BERT for essay scoring tasks. 

 

2.4.  Grammar checking model 

As shown in Figure 3, the process starts by tokenizing each sentence using the bert-base-uncased 

tokenizer, which converts text into token IDs and attention masks. Token IDs represent words/subwords 

numerically, while the attention mask marks real tokens with 1 and [PAD] tokens with 0. All inputs are 

standardized to 512 tokens; shorter sentences are padded accordingly. The attention mask ensures padding 

tokens are ignored during BERT’s attention mechanism. 

The tokenized inputs are then passed to the BERT base model, which has 12 encoder layers with 

multi-head self-attention and feed-forward networks. BERT generates contextual embeddings for each token, 

and the [CLS] vector is used as a global representation of the sentence for classification tasks [26]-[28]. This 

[CLS] output is fed into a binary classifier to predict whether a sentence is grammatical (label 1) or 

ungrammatical (label 0). 

Training uses HuggingFace’s trainer, and evaluation metrics include accuracy, precision, recall,  

F1-score, and confusion matrix. The resulting model is a BERT-based grammatical classifier, stored for use 

in the next stage: predicting grammaticality in ASAP essay sentences. These predictions are converted into 

numerical features for input into the grammar scoring regression module. 

The grammar checking model was fine-tuned on the CoLA dataset using the bert-base-uncased 

architecture. Training employed the AdamW optimizer with a learning rate of 2e-5 and a batch size of 16. 

The model was trained for 4 epochs, which was sufficient to achieve stable convergence on validation 

performance. Padding and attention masking were applied to standardize input length to 512 tokens. These 

settings align with standard configurations for sentence-level grammatical acceptability classification. 
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Figure 3. BPM of the grammar checking module with sentence tokenization, BERT encoding, and binary 

acceptability classification using the [CLS] token 

 

 

2.5.  Grammar scoring module 

The grammar scoring module in the AES system evaluates essay grammar quality through two main 

components: a BERT-based grammar checker and a logistic regression score mapping model. The grammar 

checker classifies each sentence and clause as “grammatical” (1) or "ungrammatical" (0), while the second 

component maps these outputs into a final grammar score. 

As illustrated in Figure 4, the process begins with preprocessed essays from the ASAP dataset. 

Sentences and clauses are extracted using the spaCy library for syntactic parsing. Each extracted unit is then 

passed into a grammar checker model fine-tuned on the CoLA dataset, using the [CLS] token for binary 

classification. 
 

 

 
 

Figure 4. BPM of the grammar scoring module with prediction aggregation and multinomial logistic 

regression 
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The classification results are aggregated to calculate counts of grammatical units and errors per 

essay. Based on Tambe’s approach [1], these statistics are converted into numerical features, including 

sentence count, clause count, number of errors, and spelling correction outputs. These features serve as input 

to a multinomial logistic regression model [29], [30]. 

Before training, features are standardized using StandardScaler to ensure uniform scaling. The 

logistic regression model, using SoftMax for multi-class prediction, maps feature combinations to grammar 

scores ranging from 0-3. Training uses gradient descent to minimize loss until convergence [29]. The 

resulting model predicts grammar scores aligned with human ratings and is evaluated using the QWK metric. 

The grammar scoring model utilized a multinomial logistic regression classifier trained on grammar-

related features extracted from the grammar checking stage. The model was optimized using gradient descent 

with a maximum iteration limit of 2000 to ensure convergence. Prior to training, all features were 

standardized using z-score normalization. No additional regularization was applied, as the feature 

dimensionality was limited and empirically observed to be stable during training. 

 

2.6.  Holistic scoring and weighting scheme 

After obtaining trait-level predictions from the structure and grammar modules, a weighted 

aggregation scheme is applied to compute the holistic score. The structure score is calculated as a weighted 

combination of ideas, organization, and style, where the ideas trait receives double weight to reflect its higher 

importance in essay quality assessment. The final holistic score is computed by summing the structure score 

and the grammar score. This weighting scheme follows the scoring rubric of the ASAP dataset and is 

consistently applied to both reference scores and model predictions. 

The first step in the calculation is to determine the structure score, which consists of three main 

traits. These three are predicted separately by the BERT and BiLSTM-based models, and then combined 

using the weighting formula set out in the scoring rubric, as shown in (1): 

 

𝑆𝑡𝑟𝑢𝑐𝑡𝑢𝑟𝑒 𝑆𝑐𝑜𝑟𝑒 = 2 × 𝐼𝑑𝑒𝑎 + 𝑂𝑟𝑔𝑎𝑛𝑖𝑧𝑎𝑡𝑖𝑜𝑛 + 𝑆𝑡𝑦𝑙𝑒 (1) 

 

Giving twice the weight to ideas refers to the rubric used in the ASAP competition and is supported 

by Attali and Sinharay (2015) [9], who emphasize the importance of idea development in assessing essay 

structure. The holistic score aggregation follows an explicit weighting scheme in which content-related traits 

receive higher emphasis than language conventions, in accordance with the ASAP scoring rubric. The 

calculation process is done by summing up the two main components, namely the structure score as well as 

the grammar score [1]. The merging of the two scores is mathematically formulated as shown in (2): 

 

Holistic Score = Structure Score + Grammar Score (2) 

 

This calculation process is applied both for the reference score of the dataset (true score) and for the model 

prediction result (pred score), so that the model performance evaluation can be carried out consistently. 

 

2.7.  Model evaluation method 

The performance of the models in this AES system was evaluated using the QWK metric. QWK 

was selected as it effectively quantifies agreement between two raters in this case, between the model's 

predicted scores and human-assigned reference scores while accounting for the ordinal nature of the data 

[16], [18]. Unlike simple accuracy, QWK penalizes predictions that deviate further from the true score. This 

makes QWK well-suited for essay scoring, where the degree of disagreement matters. 

Recent AES studies reaffirm that QWK remains the preferred evaluation metric for essay scoring 

systems due to its suitability for ordinal prediction tasks and its sensitivity to the magnitude of disagreement 

between predicted and human scores [31]. The mathematical formulation of QWK is presented in (3), 

following the approach described by Chilukoti et al. [18]: 

 

𝑄𝑊𝐾 = 1 −
𝛴𝑖𝑗𝑊𝑖𝑗𝑂𝑖𝑗

𝛴𝑖𝑗𝑊𝑖𝑗𝐸𝑖𝑗
 (3) 

 

QWK is a metric that measures the agreement between two raters in this case, the model and a 

human evaluator while accounting for the ordinal nature of the scores. Here, i denotes the actual label from 

the human rater, and j is the model’s predicted label. The term Oᵢⱼ refers to the observed count of times label i 

was paired with prediction j, forming the observation (confusion) matrix. Eᵢⱼ represents the expected count for 

that pair if predictions were random, forming the expectation matrix. Finally, Wᵢⱼ is the weight of 

disagreement between labels i and j, calculated using the quadratic weighting formula as shown in (4): 
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𝑊𝑖𝑗 =
(𝑖−𝑗)2

(𝑁−1)2 (4) 

 

where N is the number of score classes available. QWK values are in the range -1 to 1 [19]. Model evaluation 

is performed separately on three data scenarios: training, validation, and testing. QWK was calculated for 

each of the assessed aspects (structure, grammar), as well as for the holistic score. 

Model evaluation followed a fixed data split strategy, where the dataset was partitioned into 

training, validation, and testing sets with proportions of 70%, 15%, and 15%, respectively. Cross-validation 

was not employed, as the ASAP dataset provides predefined essay sets and the computational cost of 

repeated training for transformer-based models is substantial. Random seed initialization was not explicitly 

fixed during model training; however, all experiments adhered to the same data partitioning scheme and 

evaluation protocol to ensure consistency and comparability across experimental results. 

 

 

3. RESULTS AND DISCUSSION 

3.1.  Structure module scoring 

Early experiments using a holistic scoring approach demonstrated strong overall agreement; 

however, the single-score output limited interpretability and did not provide diagnostic feedback. When the 

model was extended to predict individual structure traits, the output became more informative, but 

performance degradation indicated that the pooling mechanism remained a critical limitation. 

To better capture key information, mean pooling was replaced with attention pooling, enabling the 

model to focus on more relevant tokens. Replacing mean pooling with attention pooling enables the model to 

selectively emphasize salient textual elements, resulting in more effective essay representations and 

improved generalization [12]. 

As summarized in Table 5, replacing mean pooling with attention pooling consistently improves 

validation performance, indicating that the model benefits from selectively focusing on salient textual 

features rather than treating all tokens equally. 

Table 6 indicates that a moderate learning rate provides the best balance between convergence speed 

and generalization. Extremely small learning rates result in slower learning, while larger values tend to 

reduce validation stability. The learning rate analysis shows that moderate values provide a better balance 

between convergence stability and generalization. Extremely small learning rates slow optimization, while 

larger values increase sensitivity to validation fluctuations. Based on this trend, a learning rate of 2e-5 was 

selected for subsequent experiments. 
 

 

Table 5. Validation QWK comparison between holistic and trait-based structure scoring approaches using 

mean pooling and attention pooling strategies 
Approach Output scheme Pooling QWK training QWK validation 

Holistic 1 total score Mean pooling 0.9976 0.8253 

Trait-based 3 traits+total Mean pooling 0.9997 0.7673 
Trait-based 3 traits+total Attention 0.9997 0.8022 

 

 

Table 6. Effect of different learning rates on structure module performance measured using QWK and final 

training loss 
Learning rate QWK training QWK validation Final loss 

1e-5 0.9992 0.7700 0.0153 

2e-5 0.9997 0.8022 0.0036 

5e-6 0.9985 0.7790 0.0223 

 

 

After selecting the optimal learning rate, further experiments tested various loss functions: 

MSELoss (baseline), MAELoss, SmoothL1Loss, CrossEntropyLoss, CORN, and CORAL. As summarized in 

Table 7, regression-based loss functions outperform ordinal and classification-based losses for structure 

scoring, suggesting that continuous score regression is more suitable for modeling essay structure traits. The 

comparison across loss functions indicates that regression-based objectives are more suitable for modeling 

structure traits, as they better preserve score continuity and ordinal relationships. In contrast, ordinal and 

classification-based losses tend to introduce instability and reduced agreement in this task. 

The last experiment compares the Adam and AdamW optimizers, with fixed configurations: 

learning rate 2e-5 and MSELoss. Table 8 shows that although AdamW achieves a lower final loss, the Adam 

optimizer yields more stable validation agreement, indicating better generalization for essay structure 

assessment. Although both optimizers converge effectively during training, the validation results suggest that 

Adam provides more stable generalization for essay structure assessment compared to AdamW. 
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Table 7. Comparison of different loss functions for structure scoring, evaluated using QWK on training and 

validation datasets 
Loss function QWK training QWK validation Final loss 

MSELoss 0.9997 0.8022 0.0036 
CrossEntropyLoss 0.9995 0.7796 0.0371 

CORN Loss 0.9972 0.7740 0.2500 

MAELoss 0.9376 0.7492 0.3183 
CORAL Loss 0.5911 0.4849 3.7874 

 

 

Table 8. Performance comparison between Adam and AdamW optimizers for structure scoring under fixed 

hyperparameter settings 
Optimizer QWK training QWK validation Final loss 

Adam 0.9997 0.8022 0.0036 

AdamW 0.9997 0.7949 0.0029 

 

 

After all experiments were completed, the final evaluation was performed on the testing data using 

the best configuration: learning rate 2e-5, optimizer Adam, MSELoss, batch size 16, and 50 epochs. The 

model produced a QWK of 0.7906 on the testing data, a value very close to the validation QWK (0.8022). 

This indicates that the model has good generalization and does not suffer from overfitting. The validation 

QWK of 0.8022 represents an improvement of approximately 5.55% compared to the structure model in 

Tambe and Kulkarni (2022) [1], which reported a QWK of 0.76 on validation data. This improvement 

percentage was calculated using (5): 

 

𝐼𝑚𝑝𝑟𝑜𝑣𝑒𝑚𝑒𝑛𝑡(%) =
𝑄𝑊𝐾𝑝𝑟𝑜𝑝𝑜𝑠𝑒𝑑−𝑄𝑊𝐾𝑏𝑎𝑠𝑒𝑙𝑖𝑛𝑒

𝑄𝑊𝐾𝑏𝑎𝑠𝑒𝑙𝑖𝑛𝑒
× 100 (5) 

 

where 𝑄𝑊𝐾𝑝𝑟𝑜𝑝𝑜𝑠𝑒𝑑 =0.8022 and 𝑄𝑊𝐾𝑏𝑎𝑠𝑒𝑙𝑖𝑛𝑒=0.76, yielding: 

 

𝐼𝑚𝑝𝑟𝑜𝑣𝑒𝑚𝑒𝑛𝑡(%) =
0.8022−0.76

0.76
× 100% ≈ 5.55%  

 

The results in Table 9 demonstrate that the proposed structure scoring model maintains consistent 

performance across training, validation, and testing sets, indicating robustness against overfitting. 

Representative examples in Table 10 illustrate that the predicted trait-level scores closely align with human 

annotations, supporting the reliability and interpretability of the proposed trait-based structure scoring 

approach. 

 

 

Table 9. Final QWK evaluation results of the structure scoring module across training, validation, and testing 

datasets 
Dataset Number of essays QWK 

Training 1098 0.9997 

Validation 235 0.8022 
Testing 236 0.7906 

 

 

Table 10. Trait-level structure scoring predictions on the test set with human scores and model outputs 
Essay 

id 

Essay Ideas 

score 

Organizatio

n score 

Style 

score 

Structure 

true  

score 

Ideas  

pred  

score 

Organization 

pred  

score 

Style  

pred  

score 

Structure 

pred  

score 

18776 A time when someone else 
I knew was patient... 

3 3 2 11 3 3 2 11 

17984 Patience is a virtue. It’s 

something that we all... 

2 2 2 8 2 2 2 8 

19215 I had a friend who is 

@CAPS@ best friend a... 

3 3 2 11 2 2 2 8 

18471 Have you ever have to wait 
in line to get on th... 

2 2 2 8 2 2 2 8 

 

 

Based on all experiments, the best model used the BERT+BiLSTM+attention pooling architecture 

with Adam optimizer, MSELoss, and learning rate 2e-5. Although the initial holistic approach resulted in the 

highest validation QWK (0.8253), the trait-based approach was chosen as the final configuration. This model 
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not only demonstrates strong performance, but it also supports interpretability and transparency through per-

trait scores. This approach is in line with the explainable principle of AES as emphasized by Xue et al. [12], 

which highlights the importance of per-aspect evaluation to support more meaningful learning feedback. 

Figure 5 illustrates the distribution of actual and predicted structure scores on the testing data. The 

similarity in curve shapes indicates that the model successfully captures the dominant scoring patterns, while 

minor deviations at higher score ranges reflect the inherent difficulty of distinguishing essays with closely 

ranked quality. 

 

 

 
 

Figure 5. Distribution of actual and predicted structure scores on the testing dataset, illustrating the alignment 

between model predictions and human reference scores across different score ranges 

 

 

3.2.  Grammar checking model 

The grammar checking experiments indicate that moderate learning rates achieve a more balanced 

trade-off between precision and recall, enabling reliable detection of grammatical acceptability without 

excessive false positives. The evaluation was conducted using the metrics of accuracy, F1-score, precision, 

recall, and eval loss, as summarized in Table 11. As summarized in Table 11, a moderate learning rate 

achieves the most balanced trade-off between precision and recall, enabling effective grammar error 

detection without excessive false positives. 

Table 12 presents the results of using the grammar checker model that was trained on the CoLA 

dataset and then applied to evaluate essays from the ASAP dataset. The table displays the predicted grammar 

labels per sentence and clause, indicating the performance of the model in detecting grammatical errors. 

 

 

Table 11. Evaluation results of the BERT-based grammar checking model on the CoLA dataset using 

different learning rates 
Learning rate Accuracy F1-score Precision Recall Eval loss 

1e-5 0.8444 0.8941 0.8460 0.9479 0.3615 

2e-5 0.8596 0.9013 0.8779 0.9260 0.3322 

3e-5 0.8558 0.8976 0.8833 0.9123 0.3275 

 

 

Table 12. Sentence-level grammar classification results from the CoLA-trained BERT model on ASAP 

essays 

Essay id 
Unit 

type 

Unit 

number 

Sentence 

id 
Sentence 

Grammar 

label 

Spelling 

corrections 

18471 Sentence 1 1 Have you ever have to wait in line to 
get on the bigger... 

Correct - 

18471 Sentence 2 2 Have you ever wait until all your 
chores are done befo... 

Correct - 

18471 Sentence 3 3 Have you ever had to wait for your 

little brother or si... 

Correct - 

18471 Sentence 4 4 Well, in this story I will tell you about 

one time that I h.. 

Correct - 
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3.3.  Grammar scoring module 

Experiments were conducted by evaluating a combination of BERT (CoLA) grammar checker 

models with varying learning rates (1e-5, 2e-5, and 3e-5) and number of logistic regression iterations (2000 

and 3000). The results in Table 13 show that the best configuration is learning rate 2e-5 with 2000 iterations. 

The results indicate that increasing the number of logistic regression iterations beyond a certain point does 

not improve performance, suggesting that the grammar scoring model converges efficiently with a moderate 

iteration setting. 

The testing evaluation results are shown in Table 14. The evaluation was conducted using the best 

configuration, specifically learning rate 2e-5 and 2000 iterations, which previously showed the highest 

validation performance. Tables 14 and 15 indicate that the grammar scoring model achieves stable agreement 

across training, validation, and testing sets, demonstrating consistent generalization despite the inherent 

difficulty of grammar trait prediction. 

 

 

Table 13. Grammar scoring performance measured using QWK under different grammar checker learning 

rates and logistic regression iteration settings 
Learning rate Iterations QWK training QWK validation 

1e-5 2000 0.4055 0.4730 

1e-5 3000 0.4055 0.4730 

2e-5 2000 0.4031 0.4746 
2e-5 3000 0.4031 0.4746 

3e-5 2000 0.3537 0.4710 
3e-5 3000 0.3537 0.4710 

 

 

Table 14. Final QWK evaluation results of the grammar scoring module across training, validation, and 

testing datasets 
Dataset Number of essays QWK 

Training 1098 0.4031 

Validation 235 0.4746 

Testing 236 0.3923 

 

 

Table 15. QWK evaluation of grammar scoring after score range normalization (0-3 mapped to 0-10) for 

comparison with prior studies 
Dataset Number of essays QWK 

Training 1098 0.6166 

Validation 235 0.6483 

 

 

To allow comparison with the approach by Tambe, which used outputs with a modified range of 0-10, 

the proposed method was also evaluated using the same adjusted range. When the original 0-3 range was mapped 

to 0-10, the model’s performance increased accordingly. The resulting QWK on the validation set was 0.6483, 

which is very close to Tambe’s reported value of 0.65. When evaluated under the same score range as prior 

studies, the proposed grammar scoring module demonstrates comparable agreement, indicating that its predictive 

capability remains consistent across different scoring scales. The comparison is summarized in Table 15. 

An example visualization of the model prediction results on the testing data is shown in Table 16, 

which compares the actual and predicted grammar scores for each essay. This table also displays the thirteen 

linguistic features used as inputs for the logistic regression model. 
 

 

Table 16. Grammar scoring features and prediction results on the test set with thirteen linguistic features for 

multinomial logistic regression 
Essay_id STg SWg SWg_new Grammar_Ratio WTs Ws Spelling_Ratio 

18776 21 9 6 0.43 240 1 0 
17984 17 10 10 0.59 147 0 0 

19215 28 17 17 0.61 380 0 0 

18471 14 6 4 0.43 223 0 0 
Essay_id Words_per_ 

Sentences 

Words_per_ 

Clauses 

CTg CWg CWg_new Grammar

_ 

Ratio 

Score Predicted

_ 

score 
18776 11.43 5.45 44 11 15 0.25 3 3 

17984 8.65 4.59 32 19 19 0.59 3 2 

19215 13.57 6.44 59 29 30 0.49 2 3 

18471 15.93 7.19 31 9 10 0.29 3 2 
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There are 13 linguistic features used in the modeling, which represent the number and ratio of 

grammar errors and the distribution of text length at the sentence and clause levels. The features include: 

number of sentences (STg), number of sentences with grammar errors (SWg), sentences still incorrect after 

correction spelling (SWg_new), ratio of grammar errors per sentence (Grammar_Ratio_Sentence), number of 

clauses (CTg), clauses with grammar errors (CWg), clauses still incorrect after correction spelling 

(CWg_new), and ratio of grammar errors per clause (Grammar_Ratio_Clause). In addition, other features 

include the number of words (WTs), number of misspelled words (Ws), spelling error ratio (Spelling_Ratio), 

average words per sentence (Words_per_Sentence), and average words per clause (Words_per_Clause). 

Hybrid AES approaches integrating neural representations with explicit linguistic features have been 

shown to improve robustness compared to purely end-to-end neural scoring systems. Linguistic indicators 

such as syntactic error ratios, sentence complexity, and lexical statistics provide complementary information 

that helps models better capture grammatical proficiency and improve scoring consistency [32]. 

Figure 6 illustrates the distribution of grammar scores predicted by the proposed model compared to 

the reference scores. The concentration around score 2 reflects the dominant grammar proficiency level in the 

dataset, while reduced predictions at extreme scores indicate conservative behavior in sparsely represented 

classes. 
 

 

 
 

Figure 6. Distribution of actual and predicted grammar scores on the testing dataset, highlighting the model’s 

tendency to concentrate predictions around dominant score categories 

 

 

The close alignment between the predicted and reference score distributions demonstrates that the 

proposed grammar scoring model is able to capture the overall grammar proficiency pattern present in the 

dataset. Although predictions are more concentrated around the dominant score level, slight deviations occur 

at the lower and higher ends of the score range. This tendency indicates that the model adopts a conservative 

prediction strategy when handling underrepresented score categories, which helps reduce unstable predictions 

caused by data imbalance. Despite these minor deviations, the general consistency between both distributions 

supports the robustness and reliability of the grammar scoring module in assessing essay-level grammatical 

quality. 

 

3.4.  Holistic score 

The integration of independently optimized structure and grammar modules results in a stable 

holistic scoring performance. The combined model maintains substantial agreement across data splits, 

indicating that modular aggregation does not introduce instability or overfitting. 

As shown in Table 17, the integration of structure and grammar modules produces a stable holistic 

score with substantial agreement, confirming the effectiveness of the proposed modular aggregation scheme. 

With QWK scores of 0.9760 (train) and 0.8046 (val), the small gap suggests stable performance without 

overfitting. The validation QWK of 0.8046 also represents an improvement of approximately 3.15% 

compared to the holistic model in Tambe and Kulkarni’s (2022) [1]. research, which reported a QWK of 0.78 

on validation data. This improvement percentage was calculated using (5), where 𝑄𝑊𝐾𝑝𝑟𝑜𝑝𝑜𝑠𝑒𝑑 = 0.8046 

and 𝑄𝑊𝐾𝑏𝑎𝑠𝑒𝑙𝑖𝑛𝑒=0.78, yielding: 

 

𝐼𝑚𝑝𝑟𝑜𝑣𝑒𝑚𝑒𝑛𝑡(%) =
0.8046−0.78

0.78
× 100% ≈ 3.15%  
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Table 18 presents representative examples demonstrating that the aggregated holistic scores closely 

follow human judgments, further supporting the reliability of the modular AES framework. Figure 7 displays 

the holistic score distribution on the testing data in the form of a line plot. Both the actual and predicted 

curves show a peak in the distribution at score 10, indicating that the model is able to maintain the dominant 

pattern when the two modules are combined. 

 

 

Table 17. Holistic scoring performance after integrating structure and grammar modules, evaluated using 

QWK 
Dataset Holistic total QWK QWK interpretation 

Training 0.9760 Almost perfect agreement 

Validation 0.8046 Substantial agreement 

Testing 0.7847 Substantial agreement 

 

 

Table 18. Representative comparison of human-assigned and predicted holistic scores on the testing dataset 

after modular aggregation 

Essay_id Essay 

Structure 

true 
score 

Structure 

pred 
score 

Grammar 

true 
score 

Grammar 

pred 
score 

Total 

true 
score 

Total 

pred 
score 

18776 A time when someone else I knew was patient... 11 11 3 3 14 14 

17984 Patience is a virtue. It’s something that we all... 8 8 3 2 11 10 
19215 I had a friend who is @CAPS@ best friend a... 11 8 2 3 13 11 

18471 Have you ever have to wait in line to get on th... 8 8 3 2 11 10 

18566 @PERSON3 and the @CAPS1 @CAPS2. 
Vincen... 

12 12 3 3 15 15 

 

 

Figure 7 shows a close alignment between the actual and predicted holistic score distributions after 

integrating the structure and grammar modules. The consistent peak and similar overall curve shapes indicate 

stable aggregation behavior, suggesting that the proposed modular framework effectively preserves dominant 

scoring patterns. Minor deviations are observed at the extreme score ranges, where the model slightly 

overpredicts scores in the medium range (6-7) and underpredicts the highest score category. These 

differences are likely influenced by data imbalance at the distribution tails. Despite these deviations, the 

overall alignment between predicted and reference distributions supports the quantitative results, confirming 

a substantial level of agreement between the system-generated holistic scores and human judgments. 

 

 

 
 

Figure 7. Distribution of actual and predicted holistic scores on the testing dataset, demonstrating the stability 

of score aggregation after integrating structure and grammar modules 

 

 

From a practical perspective, the proposed trait-based AES system enables more actionable 

feedback for educational settings. Instead of providing a single holistic score, the system reports separate 

scores for ideas, organization, style, and grammar, allowing students to identify specific strengths and 
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weaknesses in their writing. This supports formative assessment by enabling targeted feedback and revision 

strategies, particularly in classroom environments where manual trait-level evaluation is time-consuming. 

Such diagnostic capability aligns with current educational demands for transparent and learner-centered 

assessment systems. 

 

3.5.  Comparison with recent automated essay scoring studies 

To contextualize the effectiveness of the proposed modular trait-based AES system, this study 

compares its performance with recent AES research published between 2019 and 2025. A grammar-aware 

AES framework proposed in [1] integrates handcrafted grammar features into a neural scoring model and 

reports a validation QWK of approximately 0.76 for structure-related scoring and 0.65 for grammar scoring. 

In comparison, the proposed system achieves a higher validation QWK of 0.8022 for structure scoring and a 

comparable grammar QWK of 0.6483 after score range normalization, indicating stronger agreement with 

human raters while preserving modular interpretability. 

A hierarchical BERT-based transfer learning approach introduced in [12] predicts multiple writing 

traits using separate subnetworks, achieving strong performance through multi-trait supervision. However, 

this approach requires fine-grained trait annotations and substantial computational resources to train multiple 

subnetworks concurrently. Compared to this method, the proposed system adopts a lighter modular design by 

separating structure and grammar into independent modules, achieving competitive performance with 

reduced model complexity and improved reproducibility. 

Previous studies have also highlighted the transparency limitations of holistic deep learning-based 

AES models, particularly those based on CNN, LSTM, and end-to-end BERT architectures, which typically 

produce a single score without providing diagnostic feedback [8]. The trait-based outputs of the proposed 

system directly address this limitation by generating interpretable scores for ideas, organization, style, and 

grammar, thereby supporting explainable assessment and more actionable feedback. 

Comprehensive surveys on deep learning-based AES indicate that transformer architectures 

consistently outperform earlier neural models due to their ability to capture long-range dependencies and 

contextual semantics. However, these models often prioritize predictive accuracy over interpretability, 

motivating the need for architectures that balance performance and transparency [33]. 

Recent multi-scale BERT-based AES frameworks demonstrate that jointly modeling sentence-level 

and essay-level representations can further improve scoring stability across prompts. While such hierarchical 

architectures often achieve strong predictive performance, they also increase model complexity and training 

cost. In contrast, the modular design proposed in this study maintains competitive agreement with human 

raters while preserving architectural simplicity and clearer trait separation [34]. 

Emerging research also explores zero-shot and rationale-based AES frameworks that aim to 

generalize across prompts without task-specific retraining. These approaches emphasize adaptability and 

explanation generation, addressing limitations in prompt dependency and scalability. Incorporating such 

adaptive scoring mechanisms represents a promising direction for extending modular and trait-specific AES 

architectures [35]. 

More recent AES research emphasizes that surface-level and grammar-focused features alone are 

insufficient to capture semantic and discourse-level quality in student writing [3], [4]. By integrating 

contextual BERT embeddings with attention pooling in the structure scoring module, the proposed system is 

able to better capture salient textual information, as reflected in consistent improvements across validation 

and testing QWK scores. 

Overall, compared with recent AES studies, the proposed modular trait-based framework 

demonstrates a balanced trade-off between performance, interpretability, and computational efficiency. By 

avoiding heavy hierarchical architectures while maintaining multi-trait assessment, this approach offers a 

practical and transparent alternative for real-world educational deployment. 

 

 

4. CONCLUSION 

This study confirms that a modular, trait-based AES framework provides a more interpretable and 

effective alternative to conventional holistic scoring approaches. By separating structure and grammar 

assessment, the proposed system achieves reliable agreement with human raters while enabling explicit 

evaluation of individual writing traits, demonstrating stable generalization across validation and testing data. 

The main contribution of this work lies in the introduction of a practical trait-level scoring framework that 

balances performance and transparency without requiring complex hierarchical architectures or extensive 

fine-grained annotations. From an educational perspective, the modular design enhances the diagnostic value 

of AES by allowing strengths and weaknesses in specific writing aspects to be identified more clearly, 

supporting more objective and actionable feedback for learners. Nevertheless, the current framework is 

limited to a predefined set of traits and English-language datasets. Future research may extend this approach 
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to additional writing dimensions, multilingual AES settings, and tighter integration with classroom learning 

tools to support formative assessment and adaptive writing instruction. 

The proposed structure module achieved a QWK of 0.7906 on testing data, while the integrated 

holistic score reached 0.7847, indicating stable generalization across data splits. By separating semantic 

structure evaluation from grammatical assessment, the framework enables clearer diagnostic feedback at the 

trait level, supporting more transparent and actionable educational assessment. The primary contribution lies in 

the explicit architectural decomposition of structure and grammar into independently optimized modules, 

reducing representational interference and enhancing reproducibility. However, grammar scoring performance 

remains lower than structure scoring, reflecting domain differences between CoLA and learner essay data. 

Future research should explore learner-specific grammar corpora, joint optimization strategies, and cross-

prompt validation to further improve robustness and generalizability in real-world educational settings. 
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