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ABSTRACT Writing assessment is one of the most important stages in the educational process, but it
is also the most resource-demanding one. To address the challenges of scalability and inconsistency, this
study proposes a Transformer-LSTM model for automated scoring and feedback generation, enhancing
accuracy and reliability in assessment. Integrating the contextual reading abilities of transformers with the
sequential analysis strength of LSTMs, the model analyzes significant metrics of writing quality, including
grammar, coherence, and structure, while providing individualized, actionable feedback. Using annotated
datasets and evaluation metrics like RMSE and feedback relevance, it was established that the model
performs well overall and that improvements in grammar and coherence seemed to be the most significant
contributors to writing ability. It was also demonstrated that feedback relevance enhances these outcomes,
thus confirming its valuable role in promoting structural and grammatical accuracy. Understanding that
most existing systems do not encourage significant human feedback, this work demonstrates a scalable
approachwith potential alignment with human evaluation standards. Finally, this study shows hybridmodels’
promise for automated writing assessment as promising scalable, equitable, impact-based tools for global
enhancement of educational outcomes.

INDEX TERMS Automated writing assessment, feedback generation, grammar and coherence scoring,
educational AI, transformer-LSTM models.

I. INTRODUCTION
Writing assessments have always relied heavily on human
effort to provide quality feedback on student work. How-
ever, with the rise of Artificial Intelligence (AI), educational
assessment has transformed, offering scalable, efficient,
and consistent alternatives to manual grading. Among
these innovations, Transformer-based models and Long
Short-Term Memory (LSTM) architectures have proven
valuable in capturing complex linguistic patterns in text.
This study combines these two architectures to develop a
Transformer-LSTM model aimed at automated scoring and
feedback generation, seeking to replicate and enhance human
evaluation practices in writing assessment. By leveraging
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the contextual capabilities of Transformers and the sequen-
tial processing power of LSTMs, the model aims to deliver
precise scores and actionable feedback to improve students’
writing.

This research aims to create and test a hybrid system that
assesses various aspects of writing, such as grammar, coher-
ence, and overall structure, while providing personalized
feedback tailored to each student. Unlike traditional auto-
mated systems, which focus primarily on numerical scoring,
this study emphasizes the importance of feedback relevance
and constructiveness to drive meaningful improvements in
writing. The model is trained on annotated student essays
and peer feedback datasets, learning to analyze linguistic fea-
tures and evaluate writing quality. It then suggests improving
grammar, coherence, clarity, and overall structure. Evaluation
metrics such as scoring accuracy (using RMSE) and feedback
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quality (assessing relevance and constructiveness) are used to
assess the model’s performance thoroughly.

The need for scalable and effective writing assessment
systems arises from the limitations of human grading, includ-
ing subjectivity, inconsistency, and time constraints. While
current automated scoring systems are efficient, they often
lack personalized, actionable feedback that supports student
learning. By combining the strengths of Transformers and
LSTMs, this study aims to bridge this gap, offering a com-
prehensive solution that meets pedagogical needs and the
advancements in natural language processing.

A. RESEARCH QUESTIONS
This study will answer these questions.

• How can a Transformer-LSTM model be designed to
better replicate and enhance human evaluation in writing
assessments?

• Can such a model provide accurate scores and con-
structive feedback that match or even surpass human
evaluation?

• What are the most effective ways to assess the perfor-
mance of automated scoring systems, especially in terms
of feedback relevance and usefulness?

This study’s methodology includes data collection, model
development, training, and evaluation. A multi-task learning
approach enables the hybrid model to generate scores and
feedback simultaneously while focusing on key writing qual-
ity criteria such as coherence, argumentation, and grammar.
The Transformer component captures long-range dependen-
cies and contextual relationships within essays, whereas
the LSTM layer examines the sequential flow of sentences
and paragraphs. To validate the model’s effectiveness, it is
compared with human-assigned scores and other existing
systems, like Grammarly, showing that it outperforms current
automated solutions in scoring and feedback relevance.

The expected contributions of this study are twofold.
First, the Transformer-LSTM model is anticipated to sur-
pass traditional automated scoring systems in accuracy and
feedback quality, providing a scalable and adaptable solution
for various writing tasks and genres. Second, by focusing
on generating actionable feedback, this research addresses
a critical gap in automated writing assessment, emphasizing
the importance of feedback in improving writing skills. The
findings aim to demonstrate the transformative potential of
hybrid models in education, offering an effective and efficient
alternative to traditional writing assessment methods.

II. LITERATURE
A. EVOLUTION OF AUTOMATED ESSAY SCORING
Automated Essay Scoring (AES) systems were developed to
address the challenges of traditional human grading, such as
subjectivity and high resource costs [1], [2]. Early AES mod-
els mainly relied on manually crafted linguistic features to
assess writing quality, focusing on syntax, semantics, and flu-
ency [3]. However, these earlymodels could not often provide

personalized feedback, which is critical for helping students
improve [4]. Integrating machine learning (ML) techniques
marked a significant step forward in AES. Traditional ML
models used linguistic features to predict essay quality, but
their ability to capture the complexity of human language
was limited [5], [6]. The introduction of deep learning, pri-
marily through neural networks, allowed AES systems to
detect complex patterns in text data, improving both scoring
accuracy and feedback relevance [7], [8], [9].

Transformer-based models, introduced by Vaswani et
al. (2017), revolutionized natural language processing by
capturing long-range dependencies in text through self-
attention mechanisms. These models have been successfully
applied to AES, demonstrating superior performance in
understanding the contextual nuances of essays [11], [12].
Their ability to process entire text sequences simultaneously
allows for a more comprehensive analysis of writing qual-
ity. Long Short-Term Memory (LSTM) networks, developed
by Hochreiter and Schmidhuber [13], excel at modeling
sequential data, which makes them well-suited for tasks that
involve temporal dependencies. In AES, LSTMs have been
used to evaluate how ideas progress and connect throughout
essays, leading to more accurate assessments of writing struc-
ture [14], [15].

Recent research has explored combining Transformer
architectures with LSTM networks to take advantage of the
strengths of both approaches. These hybrid models enhance
AES by capturing global context and sequential relationships,
improving scoring accuracy and feedback generation [16].
Combining these two methods leads to a more well-rounded
understanding of student essays. Despite these advancements,
AES remains challenging in providing actionable and person-
alized feedback. Many systems still offer generic comments
that do not effectively guide students’ improvement [4],
[17]. Overcoming this challenge requires models delivering
specific, constructive feedback tailored to individual writing
needs [18], [19]. The use of large language models (LLMs)
in AES has shown promise, especially for evaluating essays
written by nonnative speakers [20], [21].

Finally, ensuring coherence and conciseness in the eval-
uation process has become a significant focus in AES
research [22]. A model’s ability to provide accurate scores
and high-quality feedback is essential for successful use in
educational settings.

The application of machine learning (ML) in Automated
Essay Scoring (AES) has significantly advanced the field by
enabling systems to automatically analyze linguistic features
like syntax, semantics, and fluency in student writing [3],
[5]. Early ML models used features such as sentence length,
vocabulary diversity, and grammatical structure to estimate
essay quality. These early systems relied on hand-crafted
features, but with deep learning, particularly neural networks,
performance improved as models began learning complex
representations of text data independently.

Deep learning techniques, including Long Short-Term
Memory (LSTM) networks and Transformer models, have
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further enhanced AES systems by capturing long-range
dependencies and complex text structures. This shift from
feature-based models to neural networks has allowed systems
to replicate human grading [14] more closely. Unlike pre-
vious models that processed text sequentially, Transformers
analyze entire input sequences simultaneously, improving
efficiency and understanding complex linguistic structures.
This ability has made Transformers particularly effective in
AES, outperforming traditional ML models in capturing the
intricate relationships between words and phrases [11], [12].
Thanks to their contextual understanding, transformers

have demonstrated their potential for providingmore accurate
feedback. For example, Abraha and Nazir [11] showed how
Transformer-based models could provide both essay scoring
and detailed feedback, capturing nuances often missed by
rule-based systems. Their research highlights how Trans-
formers can offer more refined assessments, setting the stage
for better-automated grading systems.

While Transformer models excel at capturing global con-
text, Long Short-Term Memory (LSTM) networks are better
suited formodeling the sequential flow of ideas in text. Devel-
oped by [13], LSTMs are ideal for understanding how ideas
evolve across longer passages. This makes them particularly
effective in writing assessments, where essay structure and
idea progression are crucial to evaluating quality [16], [23].
LSTM networks are used in AES systems to ensure coherent
flow and logical progression within essays. Recent studies
suggest that combining Transformer and LSTM models can
enhance AES performance.

B. CHALLENGES IN FEEDBACK GENERATION AND
SYSTEM PERFORMANCE
While Transformer-LSTM models show great potential, they
still face challenges in generating actionable feedback. While
these systems excel at providing accurate scores, they often
struggle to offer relevant and valuable feedback for improving
student writing [4], [18]. A key limitation of many current
AES systems is their reliance on pre-defined rubrics. While
these rubrics provide consistency, they do not consider the
unique aspects of individual student writing or offer tailored
suggestions for improvement.

Recent research has sought to address this gap by devel-
oping models that assess essay quality and generate per-
sonalized feedback. Ouahrani and Bennouar [24] proposed
a paraphrase generation and supervised learning method to
enhance automatic short-answer grading. This concept could
be adapted for extended essays to provide more meaningful
feedback. Similarly, Pinto and Paquette [25] explored the use
of deep learning techniques to improve the quality of feed-
back inAES systems. Their work demonstrated that advanced
neural networks can generate more personalized and con-
structive student suggestions. As the field of AES continues
to evolve, there have been notable advancements, especially
with the use of Transformer-LSTM hybrids. Future research
will likely focus on refining these systems to enhance both

the accuracy of essay scoring and the quality of the feedback
generated [26]. As the demand for scalable and efficient
writing assessment tools increases, Transformer and LSTM
models will play a key role in developing more adaptable
systems that can handle diverse writing tasks and genres [20].
Additionally, as large language models [16] and other deep

learning techniques progress, AES systems have great poten-
tial to be tailored to different educational contexts. These
systems could address the needs of nonnative speakers [14]
and students across various disciplines [21]. As these tech-
nologies mature, the role of AES in education will expand,
offering new opportunities for formative and summative
assessments of student writing.

III. METHODOLOGY
This study adopts a quantitative research design to assess
the effectiveness of transformer-LSTM models for automatic
scoring and feedback generation in writing assessment. The
goal is to evaluate how combining Transformer encoders
and Long Short-Term Memory (LSTM) networks can pro-
duce accurate scores and actionable feedback that help
improve writing quality. A pre-test-post-test design was
used, comparing writing samples assessed before and after
the intervention to measure the impact of model-generated
feedback.

A. DATASETS AND PREPROCESSING
Two datasets were used to train and test the pro-
posed Transformer-LSTM model. The first dataset con-
tained 300 student writing samples, each annotated with
human-assigned scores for features such as coherence, gram-
mar, and overall quality. These scores served as the ground
truth for evaluating the model’s performance. The second
dataset included 300 peer feedback samples for these writ-
ing samples, covering aspects like grammar, structure, and
content clarity.

To ensure consistency and data quality, several prepro-
cessing steps were implemented. Missing or irrelevant values
were either imputed or removed, and categorical variables,
like feedback ratings, were numerically encoded to ensure
compatibility with the model. Additionally, the two datasets
were aligned so that each writing sample in Dataset 1 had
a corresponding peer feedback entry from Dataset 2. This
alignment allowed for a more comprehensive and holistic
evaluation of the model’s effectiveness.

B. METHODS
Statistical analyses and machine learning techniques were
employed to achieve the study’s objectives.

1) STATISTICAL ANALYSES
Descriptive statistics were used to summarize key features of
the datasets, such as average scores for coherence, grammar,
and overall quality. Paired t-tests were then conducted to
compare pre- and post-intervention scores, helping to assess
whether the feedback improved writing quality. Correlation
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analysis explored relationships between model-generated
scores, human-assigned scores, and peer feedback ratings.
An ANOVA was performed to examine how the quality of
feedback, measured by relevance, constructiveness, and tone,
affected human scores.

2) TRANSFORMER-LSTM MODEL DEVELOPMENT
The Transformer-LSTM model was designed to combine the
contextual understanding capabilities of Transformers with
the sequential analysis provided by LSTM layers. Preprocess-
ing included tokenizing the text into smaller units, padding
sentences to a fixed length, and encoding feedback-related
features numerically for model compatibility. The model
was trained using pre-intervention writing samples, with
human-assigned scores as the ground truth for supervision.
We used metrics like Root Mean Squared Error (RMSE) and
F1-score to measure scoring accuracy and feedback genera-
tion to evaluate the model’s performance. After training, the
model’s effectiveness was assessed using hold-out datasets,
and its output was compared with human and peer feedback
to ensure alignment with human evaluations.

3) FEEDBACK EVALUATION
The feedback generated by the Transformer-LSTM model
was evaluated on its relevance, constructiveness, and overall
quality. Relevance was assessed by whether the feedback
addressed issues like grammar and coherence. Construc-
tiveness was measured by whether the feedback offered
actionable suggestions for improvement. Overall quality con-
sidered both relevance and constructiveness, focusing on
clarity and tone to ensure the feedback was accurate but also
meaningful and helpful for fostering writing improvement.

IV. ANALYSIS AND RESULTS
A. REGRESSION ANALYSIS WITH FEATURE IMPORTANCE
This analysis evaluates the performance of the LSTM model
in predicting Human Scores by examining key predictors
such as feedback metrics and pre/post-intervention scores.
The analysis identifies which factors have the most signifi-
cant influence on essay scoring. Feature importance is derived
from normalized regression coefficients, providing insights
into the relative impact of each predictor.

1) MODEL PERFORMANCE
As shown in Table 1, the regression model demonstrated
moderate explanatory power, explaining 57.4% of the vari-
ance in Human Scores (R-squared = 57.4%). The adjusted
R-squared value of 56.3% accounts for the number of pre-
dictors in the model. Additionally, the F-statistic was highly
significant (p < 0.001), confirming the model’s overall fit.

2) FEATURE IMPORTANCE AND REGRESSION COEFFICIENTS
The regression analysis revealed that Post-Intervention
Grammar was themost influential factor in predicting Human
Scores (p < 0.001, Coefficient = 0.509), highlighting the

TABLE 1. Model performance metrics.

importance of grammatical improvements in essay evalu-
ation. Post-Intervention Coherence also had a substantial
positive effect (p = 0.004, Coefficient = 0.415). In contrast,
feedback metrics like Relevance, Tone, and constructiveness
had weaker effects. Specifically, relevance showed a weak
positive relationship with Human Scores (p = 0.285, Coeffi-
cient= 0.190), while Tone and Constructiveness hadminimal
impact.

TABLE 2. Regression coefficients and feature importance.

The bar plot below visually represents the normalized
importance of each predictor. As shown, Post-Intervention
Grammar and Post-Intervention Coherence are the most
influential factors, emphasizing the importance of grammat-
ical accuracy and structural coherence in essay evaluation.

FIGURE 1. Feature importance (LSTM simulation via regression).

The residual plot assesses the model’s fit by showing
the distribution of residuals around zero. An even spread
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of residuals suggests no significant violations of regression
assumptions, supporting the model’s reliability. This plot
illustrates the distribution of residuals, confirming that the
model meets the required assumptions.

FIGURE 2. Residual plot for regression model.

The regression coefficients plot visualizes the magnitude
and direction of each predictor’s effect. Post-intervention
grammar and coherence positively contribute to Human
Scores, while other predictors have minimal influence. The
plot underscores the key predictors of essay scoring, high-
lighting the most potent influences.

FIGURE 3. Regression coefficients for LSTM simulation.

The regression analysis identifies important predictors in
the essay scoring process. Post-intervention grammar stands
out as the strongest predictor, emphasizing the critical role
of grammatical accuracy in evaluations. Post-intervention
coherence also significantly contributes, showcasing the
value of structured improvements. Feedback metrics, particu-
larly relevance, have a secondary effect, suggesting areas for
further refinement in feedback mechanisms. These findings
align with the study’s focus on Transformer-LSTM models,
which prioritize these key factors for effective automated
scoring and feedback.

B. SCORING ACCURACY (RMSE AND MAE)
This analysis examines themodel’s ability to replicateHuman
Scores by evaluating its scoring accuracy. The focus is on
understanding how well the predicted scores, derived from
the regression model, align with human evaluations. Two
key metrics are used: Root Mean Squared Error (RMSE)
and Mean Absolute Error (MAE). RMSE provides an overall
measure of the average error magnitude, while MAE gives
a more intuitive sense of the average deviation from human
scores. Additionally, residual analysis is performed to assess
the reliability and consistency of the predictions.

The scoring accuracymetrics show that themodel perfectly
aligns its predictions with human scores. As summarized in
Table 3, the RMSE is 0.97, reflecting the average deviation of
predicted scores from actual scores. The MAE is 0.77, mean-
ing that, on average, the model’s predictions are less than one
point off from human evaluations. These results indicate that
the model effectively approximates human scoring behavior.

TABLE 3. Scoring accuracy metrics.

The scatter plot below illustrates a strong positive relation-
ship between the predicted and actual human scores. Most
data points cluster near the diagonal line, representing perfect
predictions, which shows the model’s consistent alignment
with human evaluations.

FIGURE 4. Scatter plot of predicted vs. human scores.

The distribution of residuals, or the differences between
predicted and actual scores, is symmetrical and centered
around zero. This pattern suggests that the model’s predic-
tions are unbiased, with errors evenly distributed across the
dataset.

The residual plot confirms the model’s reliability, showing
no visible patterns or trends. The lack of heteroscedasticity
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FIGURE 5. Residual distribution.

indicates that prediction errors are consistent across the scor-
ing range.

FIGURE 6. Residuals vs. Predicted scores.

The scoring accuracy analysis underscores the model’s
ability to mimic human evaluations closely. The low RMSE
and MAE values suggest that the model’s predictions align
well with human scores, while the residual analysis further
confirms its reliability and validity. These findings support
the study’s focus on automatic scoring with Transformer-
LSTM models, highlighting their potential for robust writing
assessment.

C. CORRELATION ANALYSIS
This analysis examines the relationships between key vari-
ables in the dataset, including feedback metrics (Rele-
vance, Constructiveness, Tone), pre/post-intervention scores
(Coherence and Grammar), and Human Scores. By iden-
tifying the strength and direction of these relationships,
correlation analysis helps reveal the most influential factors
in essay scoring.

Table 4 shows the correlation matrix, comprehensively
examining how Human Scores, Feedback Metrics, and
Pre/Post-Intervention Scores relate. The analysis highlights

that Post-Intervention Grammar has the strongest positive
correlation with Human Scores (0.71), emphasizing the
importance of grammatical improvements in essay eval-
uation. Post-intervention coherence also shows a strong
correlation (0.65), underscoring the significance of structural
clarity in determining essay quality. Feedback Relevance has
a moderate correlation of 0.48, pointing to the importance
of giving meaningful, targeted feedback to improve scores.
On the other hand, Pre-Intervention Scores have weaker cor-
relations with Human Scores (0.22 for coherence and 0.18 for
grammar), suggesting that the initial quality of the essay
matters less than the improvements made after feedback.

TABLE 4. Correlation matrix of key variables.

Table 5 summarizes the most significant correlations
between the predictors and Human Scores. Post-Intervention
Grammar and Post-Intervention Coherence are the most
potent influences, both showing strong positive correla-
tions. This highlights the key role of feedback in improving
grammar and coherence. While Feedback Relevance has
a moderate correlation, it still plays an important role in
influencing Human Scores, aligning with its function in
improving essay quality. In contrast, Pre-Intervention Scores
have weaker correlations, suggesting they have less impact
on the final evaluations.

TABLE 5. Summary of significant correlations.

The heatmap visually captures these relationships, par-
ticularly highlighting the strong correlations between
Post-Intervention scores and Human Scores.

The scatter plot shows a clear positive correlation, indi-
cating that essays that receive more relevant feedback are
generally linked with higher human scores. This trend high-
lights the importance of providing quality feedback to boost
essay performance.
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FIGURE 7. Correlation heatmap.

FIGURE 8. Scatter plot of feedback relevance vs. Human scores.

The plot also reveals a strong positive relationship between
grammatical improvements and human scores, suggesting
that essays with more significant grammatical enhancements
tend to receive higher ratings.

FIGURE 9. Feature importance (LSTM simulation via regression).

The correlation analysis highlights the key factors that
influence writing quality. Post-intervention scores (specif-
ically grammar and coherence) emerged as the strongest

predictors of Human Scores, underscoring the importance of
feedback-driven improvements. Feedback Relevance showed
a moderate influence, reinforcing its role in enhancing essay
quality. On the other hand, the weak correlations with
Pre-Intervention Scores suggest that the initial quality of
the writing is less important than the improvements made
through feedback. These findings align with the study’s focus
on Transformer-LSTM models, emphasizing crucial factors
like grammar and coherence to replicate human evaluation
effectively.

D. PAIRED T-TESTS FOR PRE/POST IMPROVEMENT
This analysis focuses on measuring the impact of feedback
on writing quality by comparing the pre-intervention and
post-intervention scores for Coherence and Grammar. Paired
t-tests are used to check if the improvements are statisti-
cally significant. This method helps quantify how feedback
affects writing, aligning with the study’s focus on using
Transformer-LSTM models for feedback and scoring.

In Table 6 below, paired t-tests were performed on Coher-
ence and Grammar scores before and after the intervention,
with a significance level of p < 0.05. The results showed
significant improvement in both areas. Coherence improved
with a mean difference of 2.10 (p < 0.001), indicating more
apparent structure after feedback. Similarly, Grammar scores
showed a mean difference of 2.25 (p < 0.001), highlighting
the feedback’s effectiveness in boosting grammatical accu-
racy.

TABLE 6. Paired T-test results for pre/post improvements.

These results confirm that both Coherence and Grammar
significantly improved after the intervention. Table 7 sum-
marizes these findings, with p < 0.001 indicating strong
evidence of improvement.

TABLE 7. Paired T-test results after improvements.

Table 8 presents the mean pre- and post-intervention
scores, showing a clear improvement in both Coherence and
Grammar. Coherence rose from 5.15 to 6.30, and grammar
increased from 5.10 to 6.25, with a consistent mean difference
of 1.15 for both.
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TABLE 8. Mean Pre- and Post-intervention scores.

Figure 10 shows an apparent increase in the Coherence
score, from 5.15 (Pre) to 6.30 (Post), reflecting the effective-
ness of feedback in enhancing structural clarity.

FIGURE 10. Paired bar plot for coherence scores.

Similarly, Figure 11 demonstrates the improvement in
Grammar scores, which rose from 5.10 (Pre) to 6.25 (Post),
underscoring the impact of feedback on grammatical quality.

FIGURE 11. Paired bar plot for grammar scores.

Lastly, Figure 12 presents a histogram showing score
differences (Post-Pre) distribution for both Coherence and
Grammar. Most scores cluster around the mean difference of
1.15, further confirming the improvements.

The paired t-tests and accompanying tables and figures
prove that feedback mechanisms significantly improve both
Coherence and Grammar scores. These findings validate the
effectiveness of feedback in enhancing writing quality, con-
sistent with the study’s focus on Transformer-LSTM models
for automatic scoring and feedback generation. By driving

FIGURE 12. Distribution of score differences.

meaningful improvements in key writing metrics, these mod-
els show their potential to replicate and even enhance human
evaluations.

E. FEEDBACK METRICS AND WRITING QUALITY (ANOVA)
This section explores how the quality of feedback influ-
ences writing improvement using Analysis of Variance
(ANOVA). The feedback metrics—Relevance, Tone, and
Constructiveness—are categorized into three quality levels:
High, Medium, and Low. The goal is to determine if varia-
tions in feedback quality significantly affect Human Scores.

In Table 9, feedback quality is categorized as follows:
• High Quality (scores > 4)
• Medium Quality (scores between 3 and 4)
• Low Quality (scores < 3)
The ANOVA results revealed that Feedback Relevance

significantly impacts Human Scores (F = 8.56, p < 0.001).
High-quality relevance feedback is strongly associated with
higher scores. Feedback Constructiveness also significantly
impacts writing quality (F = 4.75, p = 0.003), demonstrating
the value of providing actionable feedback. However, Feed-
back Tone showed a weaker influence (F = 2.30, p = 0.052),
suggesting that while tone is important, its role in scoring is
secondary compared to relevance and constructiveness.

TABLE 9. NOVA results for feedback metrics and human scores.

Table 10 shows the relationship between feedback quality
levels and mean Human Scores across the three metrics.
High-quality feedback consistently leads to higher scores,
with Feedback Relevance having the most substantial effect
(mean score = 7.50 for high-quality feedback). Feed-
back Constructiveness and Feedback Tone also contribute
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positively, but their effects are slightly weaker. This table
emphasizes the importance of high-quality feedback for
improving writing, with notable decreases in scores for
medium and low-quality feedback.

TABLE 10. Mean human scores by feedback quality levels.

The boxplots further illustrate the relationship between
feedback quality and Human Scores.

Figure 13 shows that high-quality, relevant feedback is
strongly linked to higher Human Scores, confirming the
importance of providing relevant and specific feedback.

FIGURE 13. Boxplot of feedback relevance quality and human scores.

Figure 14 demonstrates that constructive feedback, which
is actionable and specific, contributes to higher scores, rein-
forcing the need for detailed guidance.

In contrast, Figure 15 for Feedback Tone shows less pro-
nounced differences between quality levels, aligning with its
weaker significance in the ANOVA results.

The ANOVA results indicate the critical role of feedback
quality in improving writing outcomes. Feedback Relevance
is the most influential factor, with a statistically signifi-
cant impact on Human Scores (F = 8.56, p < 0.001).
Essays receiving high-quality relevance feedback scored
much higher than those receiving medium or low-quality
feedback. Similarly, Feedback Constructiveness also plays
a significant role (F = 4.75, p = 0.003), emphasizing the
need for actionable and specific feedback. On the other hand,
Feedback Tone has a weaker relationship with Human Scores
(F = 2.30, p = 0.052), suggesting its secondary role in

FIGURE 14. Boxplot of feedback constructiveness quality and human
scores.

FIGURE 15. Boxplot of feedback tone quality and human scores.

improving writing quality compared to Relevance and Con-
structiveness.

F. ADVANCED FEATURE INTERACTION ANALYSIS
This analysis explores the interactions between key pre-
dictors, simulating how advanced models like Transformer-
LSTMmight learn and utilize complex relationships between
features to improve scoring and feedback generation. Specif-
ically, interaction terms such as Feedback Relevance ×

Post-Intervention Coherence and Feedback Relevance ×

Post-Intervention Grammar are examined to assess their com-
bined effect on Human Scores. This method emphasizes how
advanced models can identify subtle interactions that tradi-
tional metrics might miss.

In Table 11, the results show that interactions between
Feedback Relevance and Coherence and Grammar signifi-
cantly enhance Human Scores, underlining the importance of
relevant feedback in improving structural clarity and gram-
matical accuracy.

• Feedback Relevance × Post-Intervention Coherence:
The interaction term has a coefficient of 0.110 (p =

0.042), suggesting a meaningful combined effect on
Human Scores.
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• Feedback Relevance × Post-Intervention Grammar:
This interaction shows an even more substantial com-
bined influence, with a coefficient of 0.205 (p =

0.018), indicating that relevant feedback greatly ampli-
fies improvements in grammatical accuracy.

TABLE 11. Regression results with interaction terms.

1) VISUALIZING THE INTERACTIONS
Figure 16, the 3D surface plot visualizes the interaction effect
between Feedback Relevance and Post-Intervention Coher-
ence. It shows that Human Scores increase significantly when
both factors are high, highlighting their combined effect on
writing quality.

FIGURE 16. Interaction effect - feedback relevance × coherence.

Figure 17, another 3D plot, illustrates the interaction
between Feedback Relevance and Post-Intervention Gram-
mar, where higher scores result from the combination
of high-relevance feedback and significant grammatical
improvements.

Figure 18, the bar plot highlights the relative strength
of the interaction terms. It shows that the Feedback Rele-
vance × Grammar interaction substantially affects Human
Scores more than Feedback Relevance × coherence.

2) IMPLICATIONS FOR TRANSFORMER-LSTM MODELS
The advanced feature interaction analysis underscores that
Feedback Relevance plays a crucial role in amplifying the
impact of both Coherence and Grammar improvements on
Human Scores. This finding is consistent with the study’s

FIGURE 17. Interaction Effect - Feedback Relevance × grammar.

FIGURE 18. Interaction coefficient bar plot.

emphasis on Transformer-LSTM models, which excel at
identifying and leveraging such complex interactions. By pri-
oritizing feature combinations like relevance × grammar,
these models can providemore nuanced feedback and scoring
that better aligns with human evaluators’ expectations.

This analysis highlights the potential of Transformer-LSTM
models to replicate human evaluators by effectively capturing
and utilizing complex interactions between features. Mod-
els that focus on interactions like Feedback Relevance ×

grammar can offer more targeted feedback and enhance the
accuracy of writing assessments.

V. DISCUSSION
This study explored the potential of transformer-LSTMmod-
els for automatic scoring and feedback generation in writing
assessment. Through various analyses, we examined the
influence of factors like feedback metrics, coherence, and
grammar on Human Scores. The results offer insights into
how these factors interact and how LSTM-based models
can simulate and enhance human evaluation processes. The
findings validate the study’s objectives and lay a solid foun-
dation for the future use of these models in automated writing
assessment systems.
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A. KEY FINDINGS AND THEIR IMPLICATIONS
1) POST-INTERVENTION GRAMMAR AND COHERENCE AS
KEY PREDICTORS
One of the significant findings of this study is that
Post-Intervention Grammar and Coherence are the most sig-
nificant predictors of Human Scores. The regression analysis
showed that these two factors contribute the most, with high
coefficients (0.509 for grammar and 0.415 for coherence) and
strong correlations (0.71 and 0.65 respectively) with Human
Scores. These results emphasize that improvements in the
structural and grammatical elements of writing are highly
valued in human evaluations.

Further, the interaction analysis revealed that Feedback
Relevance significantly enhances the effects of improvements
in Coherence and Grammar. This means that essays receiving
relevant feedback tended to showmore considerable enhance-
ments in writing quality, underscoring the synergy between
feedback and revisions.
Implications: These findings suggest that LSTM models

should prioritize post-intervention feedback to enhance spe-
cific writing aspects. By doing so, these models can more
closely replicate human evaluators’ tendencies to focus on
key writing improvements like grammar and coherence.

2) THE ROLE OF FEEDBACK METRICS IN WRITING
IMPROVEMENT
Feedback metrics—especially Relevance and Constructive-
ness—significantly influenced writing outcomes. In par-
ticular, high-quality relevance feedback showed the most
substantial effect on Human Scores, with an F-statistic of
8.56 (p < 0.001) in the ANOVA analysis and a moderate
correlation of 0.48 with Human Scores. This suggests that
targeted feedback addresses specific writing issues and is
crucial for driving meaningful improvements.

Similarly, constructiveness played an important role, with
a statistically significant effect (F = 4.75, p = 0.003). This
highlights the value of actionable feedback and provides
transparent, specific suggestions for improvement. On the
other hand, tone had a weaker influence (F = 2.30, p =

0.052), indicating that although feedback tone matters for the
writer’s reception of the feedback, it has a secondary impact
on the actual writing quality.
Implications: These results emphasize the need for LSTM

models to generate relevant and actionable feedback rather
than providing general or vague comments. Such feed-
back will significantly impact writing improvement, ensuring
automated systems can offer guidance like human evaluators.

3) EVIDENCE OF FEEDBACK-DRIVEN IMPROVEMENTS
The paired t-tests demonstrated that feedback interven-
tions significantly improved both Coherence and Grammar
(with p < 0.001 for both metrics). The mean differences
of 1.15 for both metrics indicate that feedback effectively
addressed structural and grammatical weaknesses in the
essays. The consistent improvements observed across the

dataset highlight the robustness and reliability of the feedback
mechanisms used in this study.

Implications: These improvements support the scalability
of automated feedback systems. With Transformer-LSTM
models, it is possible to provide consistent and targeted feed-
back across diverse datasets, helping writers enhance key
aspects of their writing on a large scale.

4) RELEVANCE TO TRANSFORMER-LSTM MODELS
The study showcases the transformative potential of
Transformer-LSTM models in writing assessment. These
models can accurately identify and prioritize key predictors
like Grammar, Coherence, and Feedback Relevance, enabling
them to replicate human scoring behaviors accurately.

By leveraging significant feature interactions (e.g.,
Feedback Relevance × Post-Intervention Coherence and
Feedback Relevance × Post-Intervention Grammar),
Transformer-LSTM models can capture complex, nuanced
relationships that enhance scoring and feedback processes.
Additionally, these models can automate the generation
of relevant and actionable feedback, addressing scalability
challenges that traditional assessment systems face. The
ability of Transformer-LSTM models to automate scoring
and feedback offers significant advantages, including stan-
dardized evaluations that reduce evaluator inconsistency and
subjective bias. This allows for more objective, consistent
assessments across different contexts and datasets.
Implications: The findings suggest that Transformer-

LSTM models have the potential to not only simulate human
evaluations but also improve upon them by offering scal-
able, consistent, and unbiased assessments. These models can
automate the evaluation process, reducing the need for man-
ual scoring and providing personalized feedback to writers at
scale.

VI. CONCLUSION
This study demonstrates the potential of transformer-LSTM
models to revolutionize writing assessment by automating
scoring and feedback generation. The findings show that by
focusing on key factors like grammar, coherence, and feed-
back relevance, advancedmodels can closely replicate human
evaluation processes while offering clear advantages regard-
ing scalability and consistency. Notably, post-intervention
grammar and coherence emerged as the most substantial
predictors of writing quality, highlighting the importance of
targeted feedback in driving measurable improvements in
writing. Furthermore, the study found that feedback relevance
significantly amplifies the effects of these improvements,
emphasizing tailored feedback’s crucial role in fostering
structural and grammatical accuracy.

One of the key contributions of this research is its focus
on actionable and meaningful feedback. Metrics like rele-
vance and constructivenesswere essential in shaping effective
feedback systems, offering guidance directly addressing spe-
cific writing issues. While tone was found to have a lesser
influence on measurable outcomes, it still plays an important
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role in shaping the perception of feedback, suggesting the
need to balance clarity and content in future systems. Overall,
the study provides a clear framework for designing writing
assessment tools that perform well in scoring and serve as
valuable learning aids for improving writing quality.

Though the results are promising, the study acknowledges
several limitations. The datasets used were preprocessed to
ensure consistency and clarity, which may not fully capture
the complexity and variability found in real-world scenarios.
Future research should focus on testing these models with
more diverse and unstructured data, considering awider range
of writing styles, genres, and learner demographics. Expand-
ing the feedback dimensions to include creativity, originality,
and adherence to genre conventions could further enhance the
model’s effectiveness. Additionally, integrating explainabil-
ity features into these systems could improve transparency
and trust, addressing concerns about using automated evalu-
ations in education.

The implications of these findings extend beyond writ-
ing assessments, offering solutions to persistent challenges
such as evaluator bias, subjectivity, and resource con-
straints. By providing personalized and consistent evalu-
ations, Transformer-LSTM models have the potential to
democratize access to high-quality feedback, enabling learn-
ers across awide range of educational contexts to benefit from
enhanced writing support. Their adaptability to individual
learner needs makes them valuable tools for fostering con-
tinuous improvement. Consequently, these models are poised
to become key assets in educational settings and professional
environments where writing skills are crucial. This study
establishes a strong foundation for the future of automated
writing evaluation, setting the stage for more equitable, effi-
cient, and impactful assessment practices.

CHALLENGES AND FUTURE DIRECTIONS
While the study’s findings are encouraging, several chal-
lenges need to be addressed to broaden the applicability of
Transformer-LSTM models in writing assessments:

VARIABILITY IN REAL-WORLD DATA
The datasets used in this study were preprocessed to ensure
clarity and consistency, but real-world datasets often contain
more variability and noise. Future research should explore
methods to enhance the robustness of Transformer-LSTM
models when handling such data.

EXPANDING FEEDBACK METRICS
The current analysis focused on a limited set of feedback
metrics. Expanding the scope to include additional factors
such as genre, topic complexity, and writer demographics
could provide a more comprehensive understanding of the
dynamics in writing assessment.

INTEGRATION OF INTERPRETABILITY
Another key area for future research is the integration of inter-
pretability mechanisms within Transformer-LSTM models.

Exploring scoring decisions would enhance trust and trans-
parency in these automated systems, making them more
likely to be adopted in educational environments where
accountability is a concern.

By addressing these challenges, future iterations of
Transformer-LSTM models can improve their effectiveness,
scalability, and adaptability, further solidifying their role in
reshaping the landscape of automated writing assessment.
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