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ABSTRACT English writing is a core component of language learning and an important indicator of
students’ comprehensive language application ability. Traditional writing instruction often faces heavy
teacher correction workload, delayed feedback, inconsistent evaluation standards, and insufficient person-
alized guidance. This study integrates mainstream natural language processing algorithms, including text
segmentation, part-of-speech tagging, grammatical error correction, semantic analysis, discourse-structure
evaluation, and similarity-based scoring, to construct an automatic feedback model for English writing. A
controlled experiment with non-English major college students is designed, with an experimental group
using the automatic feedback system and a control group receiving traditional correction. Statistical
analysis is conducted on grammar-error recognition, sentence optimization, discourse organization, lexical-
collocation correction, writing-score changes, and learning autonomy. The results show that the integrated
NLP feedback system can provide real-time and refined revision suggestions, shorten feedback cycles,
standardize writing logic, and improve students’ writing proficiency and autonomous learning ability.
In intelligent education environments, wireless learning terminals, cloudedge data transmission, and
educational signal-processing infrastructure further support scalable deployment. The study provides a
feasible path for technology-enhanced English writing instruction.

INDEX TERMS natural language processing, automatic feedback, english writing, wireless learning

terminals, educational signal processing

I. INTRODUCTION
A. RESEARCH BACKGROUND

RITING is an important part of language learning,
Wand effective feedback on students’ writing is cru-
cial for improving their writing ability [1,2]. In Chinese
middle schools, teacher evaluation is the main source of
writing feedback for students [3]. Although teacher feedback
can accurately indicate areas for revision, teachers’ heavy
workload and time constraints lead to monotonous feedback
content, inconsistent standards, and a lack of diversity and
personalization [4]. The traditional education model faces
challenges such as unbalanced resource allocation, low
teaching efficiency, and difficulty in meeting personalized
needs [5].

In recent years, the rapid development of artificial intelli-
gence has profoundly changed all fields of society, including
education [6]. With the continuous advancement of Al tech-
nologies represented by natural language processing (NLP),
artificial intelligence has gradually become an important
force driving educational innovation and development [7].
Generative Al feedback has emerged as a new way to
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assist teacher feedback and improve students’ writing ability
[8]. Using natural language processing ability, dialogue
context understanding ability, and sequential task execution
ability, it can easily and efficiently generate comprehensive
personalized writing feedback, thereby assisting teachers
in providing effective feedback and enhancing students’
writing proficiency [9].

Writing feedback refers to the information input that
writers receive from readers. Its function is to provide
writers with information for revising compositions [10]. It
helps students identify problems in expression and revision,
gain enlightenment from feedback providers, and contin-
uously improve in idea expression, structure organization,
and grammar use [11]. Studies have found that feedback
can interact with learners’ internal factors to promote their
language development [12]. Therefore, writing feedback has
positive significance for improving English writing ability.

Compared with traditional artificial intelligence, gener-
ative Al has unique technical characteristics. ChatGPT, a
generative Al chatbot launched in 2022, uses a deep learning
language model to generate human-like text. It works by
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analyzing large text datasets and learning patterns and
relationships between words and phrases. It can generate
natural and diverse responses in dialogue according to
context and output human-like feedback [13]. Meanwhile,
its enlightening content generation ability, dialogue con-
text understanding ability, sequential task execution ability,
and programming language analysis ability can provide
various forms of assistance for teachers’ teaching. It can
also complete multiple tasks of educational evaluation in
a targeted manner, and provide targeted feedback by ana-
lyzing vocabulary, grammar, sentence structure, viewpoint
expression, and event description in the dialogue process
[9]. In addition, studies show that compared with direct
teacher feedback, human-computer mixed feedback can sig-
nificantly improve learners’ engagement with feedback and
thus improve English writing proficiency [14]. Generative
Al shows significant advantages in supporting educational
feedback.

Therefore, integrating NLP algorithms to realize auto-
matic feedback for English writing can assist teachers in
teaching, improve learners’ feedback engagement, and make
up for the current problems of single teacher feedback forms
and lack of personalized feedback. While the cognitive
and vocabulary profiles validated in this study specifically
address higher education contexts, this framework estab-
lishes a baseline that can be incrementally adapted for
broader educational levels through age-appropriate prompt
engineering and custom corpus filtering.

B. RESEARCH SIGNIFICANCE

(1) Integrate multiple mainstream NLP algorithms to con-
struct an automatic feedback framework suitable for English
writing scenarios.

(2) Sort out the application logic of NLP algorithms
in text grammar detection, semantic understanding, and
discourse structure analysis.

(3) Enrich the theoretical research system of NLP tech-
nology in the field of language education.

(4) Quantitatively analyze the impact of intelligent feed-
back on students’ English writing ability and improve the
theoretical model of intelligent English writing teaching.

C. RESEARCH STATUS AT HOME AND ABROAD

To contextualize the framework designed to address the
aforementioned theoretical and practical significance, it is
essential to map the current global landscape of automated
corrective feedback. Correcting and giving feedback on
students’ compositions is a common method for teachers
to inform students of their performance and guide revision.
It is an important means in the writing teaching process and
helps improve students’ writing ability. Feedback includes
form-focused feedback and content-focused feedback. The
former provides feedback on problems in grammar, vocabu-
lary, and writing patterns, while the latter addresses inappro-
priateness in ideas and logic of article content expression.
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At present, domestic and foreign researchers mainly fo-
cus on two aspects of English writing feedback: first, the
source of feedback. Researchers mainly divide feedback
into teacher feedback, peer feedback, and machine feedback
based on feedback sources. In terms of teacher feedback,
Kepner found that teacher feedback on written texts leads
to extensive revisions by students and has a positive impact
on English writing. Students who carefully consider and
understand teacher feedback show significantly improved
English writing quality [15]. In peer assessment, Partridge
[16] found that students generally accept peer assessment.
Students can learn from each other by revising peers’
compositions, improve their own language expression, and
enhance their writing confidence to a certain extent.

In addition, domestic and foreign researchers have con-
ducted horizontal comparative and integrated studies on
different sources of feedback, making important contri-
butions to exploring new models and ideas for writing
feedback. For example, Paulus found that most students
benefit from teachers’ revisions at the meaning level of their
compositions by comparing peer assessment and teacher
feedback revisions [17]. Connor & Asenavage found that
only 8 college students in the experiment adopted a few
suggestions from peer assessment for their own composition
revisions, showing low recognition of peer assessment sug-
gestions [18]. Attali applied Criterion in American writing
classrooms and found that single scores and total scores
of style, grammar, language use, and conventions were
significantly higher than the first draft. However, 70% of
the students participating in the study were dissatisfied with
the feedback from the automatic scoring system [19].

Natural language processing (NLP) is an important re-
search direction in the field of artificial intelligence, with
generative Al representing an advanced, contemporary sub-
set within this broader domain. It integrates computer sci-
ence, linguistics, mathematics, psychology, and other disci-
plines. Its core goal is to enable computers to understand,
generate, and process human language. The framework
proposed in this study utilizes a hybrid paradigm: it relies
on traditional symbolic and discriminative computational
methods for surface-level rule matching and statistical pars-
ing, while leveraging generative large language models
exclusively for complex semantic synthesis and contextual
feedback generation. In reading education, Kohnke used
pre-trained large models to generate high-quality reading
texts for reading and writing teaching, significantly improv-
ing teachers’ teaching efficiency and promoting learners’
reading and writing [20]. Su also applied pre-trained large
language models to writing teaching but focused on the
writing process, using pre-trained large models as automatic
evaluators to provide timely and effective feedback for learn-
ers’ personalized writing learning and solving the defect
of lack of effective evaluation and timely feedback from
teachers in the past [21].

D. RESEARCH CONTENT AND METHODS
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1) Research Content

(1) Sort out the principles of core NLP algorithms and se-
lect segmentation algorithms, grammatical error correction
algorithms, semantic similarity algorithms, and discourse
structure analysis algorithms suitable for English writing
feedback.

(2) Integrate various algorithms to build an overall auto-
matic feedback framework for English writing, dividing five
functional modules: text preprocessing, error recognition,
intelligent scoring, feedback generation, and data statistics.

(3) Design an empirical research plan, select experimen-
tal samples, divide experimental and control groups, and
formulate a writing evaluation index system.

(4) Make four sets of statistical tables with experimental
data to compare and analyze the effect of the automatic feed-
back system in four dimensions: error recognition accuracy,
student writing score changes, error type improvement, and
learning autonomy improvement.

(5) Summarize the advantages and deficiencies of sys-
tem application and put forward optimization strategies for
the implementation of NLP algorithms in English writing
teaching.

2) Research Methods

(1) Literature research method: Sort out Chinese and foreign
literature related to NLP algorithms, English writing teach-
ing, and intelligent feedback systems to lay a theoretical
foundation.

(2) Model construction method: Integrate multiple NLP
algorithms to build an automatic feedback model for English
writing and clarify the operation logic of each module.

(3) Controlled experiment method: Divide students of the
same grade and level into experimental and control groups.
The experimental group uses the automatic feedback system,
and the control group uses traditional manual correction. A
one-semester follow-up experiment is conducted.

(4) Data statistics method: Collect data such as students’
writing scores, error types, and autonomous revision times
before and after the experiment, make standard tables, and
conduct quantitative comparative analysis.

Il. CORE NLP ALGORITHMS FOR ENGLISH WRITING
FEEDBACK

A. TEXT SEGMENTATION AND PART-OF-SPEECH
TAGGING ALGORITHMS

English text takes independent words as the basic expression
unit and also includes special forms such as abbreviations,
fixed collocations, and hyphenated words.

o Segmentation algorithms can automatically split valid
words in students’ compositions and remove invalid
symbols and redundant characters.

o Part-of-speech tagging algorithms can mark corre-
sponding attributes for each word, such as nouns,
verbs, adjectives, prepositions, conjunctions, and other
common parts of speech.
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These two algorithms are the pre-basis for system error
recognition. Only by accurately distinguishing words and
parts of speech can the system correctly judge whether the
grammatical collocation of sentences is reasonable.

B. GRAMMAR ERROR CORRECTION ALGORITHMS
COMBINING RULES AND STATISTICS

Grammar error correction algorithms mainly include rule-
based algorithms and statistical algorithms.

o Rule-based algorithms rely on a mature English gram-
mar knowledge base and preset judgment templates for
tense errors, subject-verb disagreement, number errors,
prepositional collocation errors, etc. They can match
and identify non-standard expressions in texts.

« Statistical algorithms rely on a large amount of stan-
dard English corpus data and judge whether sentence
patterns are standard and natural through probability
models.

This study combines these two types of algorithms. The
combined algorithm can identify basic grammatical errors
in students’ compositions and detect hidden expression
problems such as L1 interference errors (first language
interference) and messy sentence patterns.

C. PRE-TRAINED LANGUAGE MODEL SEMANTIC
ANALYSIS ALGORITHMS

Pre-trained language models have excellent contextual se-
mantic understanding ability. The algorithm has the follow-
ing characteristics:

« It can judge the logical relationship between sentences
and check the coherence between paragraphs.

o It can judge whether the composition’s argument is
clear and verify whether the evidence fits the theme.

o It can evaluate whether paragraph transitions are nat-
ural and complete in-depth evaluation of the whole
article.

o It can provide students with optimization suggestions
for discourse logical structure.

D. TEXT SIMILARITY AND SCORING ALGORITHMS
Text similarity algorithms can compare the content dif-
ferences between students’ compositions and standard or
excellent model essays. The algorithm has the following
characteristics:
o It can calculate the word repetition rate and sentence
pattern similarity and judge the fit of the article theme.
« It integrates multiple evaluation dimensions, including
lexical richness, grammatical accuracy, discourse in-
tegrity, and logical rigor.
o It can build a quantitative scoring model to realize au-
tomatic and objective scoring of English compositions.
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E. CORE EVALUATION DIMENSIONS OF ENGLISH
WRITING

Combined with English teaching standards in primary, sec-
ondary schools and universities in China, this paper sorts
out five core evaluation dimensions of English writing.

(1) Lexical application: word spelling, word collocation,
and lexical richness.

(2) Grammatical application: tense and voice, subject-
verb agreement, clause usage specifications, etc.

(3) Sentence structure: collocation of long and short sen-
tences, sentence pattern diversity, and rationality of sentence
structure.

(4) Discourse structure: article conception, paragraph
structure, logical connection, and effect of beginning and
end echoing.

(5) Overall expression: proportion of interlanguage errors
induced by L1 thinking patterns, sentence fluency, and
content integrity.

F. OPERATION LOGIC OF AUTOMATIC FEEDBACK
SYSTEM FOR ENGLISH WRITING

The automatic feedback system supported by NLP algo-
rithms includes five operation steps.

(1) Text input and preprocessing: Students actively input
or upload English composition texts. The system automat-
ically completes text segmentation, part-of-speech tagging,
and redundant information filtering.

(2) Multi-dimensional error detection: The system relies
on various NLP algorithms to check all writing problems
from four levels: vocabulary, grammar, sentence pattern, and
discourse.

(3) Intelligent feedback generation: The system accurately
marks error locations, clearly explains error causes, and
provides revision examples and full-text optimization plans.

(4) Automatic quantitative scoring: The system outputs
the total composition score and single scores of each di-
mension according to teaching evaluation standards.

(5) Data statistical analysis: The system automatically
records each student’s high-frequency error types and gen-
erates a class learning status report.

lll. CONSTRUCTION OF AUTOMATIC FEEDBACK
MODEL FOR ENGLISH WRITING INTEGRATING NLP
ALGORITHMS

A. MODEL CONSTRUCTION PRINCIPLES

(1) Practicality principle: The model fits the actual English
writing situation of Chinese students, focusing on identi-
fying common problems such as L1 interference syntac-
tic anomalies, basic grammatical errors, and monotonous
simple sentences. Feedback suggestions meet classroom
teaching requirements.

(2) Integration principle: Integrate multiple NLP algo-
rithms such as segmentation, grammar correction, semantic
analysis, and intelligent scoring to realize full-dimensional
feedback from vocabulary to discourse.
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(3) Simplicity principle: The feedback output by the
system is easy to understand, avoiding jargon. Students can
directly understand error causes and complete revisions.

(4) Scalability principle: The model reserves interfaces for
algorithm optimization and question bank expansion. Model
essays can be added, grammar rules supplemented, and deep
learning models upgraded later.

B. OVERALL FRAMEWORK DESIGN OF THE MODEL
The automatic feedback model for English writing built in
this paper includes five core functional modules: text prepro-
cessing module, multi-algorithm error recognition module,
intelligent feedback generation module, automatic compre-
hensive scoring module, and learning status data statistics
module. The five modules are connected and cooperate in
sequence. Relying on the integrated NLP algorithms, the
model can realize the automatic operation of the whole
writing correction process.

C. DETAILED DESIGN OF EACH FUNCTIONAL MODULE
1) Text Preprocessing Module

This module completes basic processing relying on segmen-
tation and part-of-speech tagging algorithms.

(1) The module receives English composition texts sub-
mitted by students and first filters invalid information such
as punctuation errors, redundant spaces, and garbled char-
acters.

(2) It completes accurate segmentation, splits fixed col-
locations and professional words, and then tags all words
with parts of speech.

(3) The module unifies text formats to provide standard-
ized input data for subsequent error recognition algorithms
and ensure analysis accuracy.

2) Multi-Algorithm Error Recognition Module
This module is the core of the model and integrates three
types of NLP algorithms to work collaboratively.

(1) The basic grammar layer relies on rule and statistical
correction algorithms to detect basic problems such as
spelling errors, tense errors, number errors, prepositional
collocation errors, and subject-verb disagreement.

(2) The sentence expression layer relies on semantic
algorithms to identify problems such as repeated sentence
patterns, misuse of clauses, and lengthy and messy sen-
tences.

(3) The discourse logic layer relies on pre-trained lan-
guage models to analyze deep problems such as paragraph
connection, theme fit, and argument logical loopholes.

3) Intelligent Feedback Generation Module
The module generates hierarchical and personalized feed-
back according to error recognition results.

(1) For spelling and grammatical errors, the system marks
error locations and provides correct expressions and concise
rule explanations.
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(2) For sentence pattern problems, the system provides
synonymous revision examples to guide students to replace
simple sentences.

(3) For discourse logic problems, the system points out
paragraph deficiencies and provides paragraph adjustment
ideas and transition sentence examples.

4) Automatic Comprehensive Scoring Module

The module establishes a multi-dimensional scoring index
system with a full score of 100: vocabulary (20 points),
grammar (30 points), sentence pattern (20 points), discourse
(20 points), and expression fluency (10 points).

The higher proportional weight allocated to grammatical
accuracy (30%) is strictly derived from the National College
English Test (CET) syllabus and localized diagnostic writing
rubrics for non-English major undergrad uate freshmen.
At this foundational stage of higher education language
acquisition, suppressing fossilized structural syntactic er-
rors is instructionally prioritized, thus justifying the higher
threshold compared to discourse and stylistic dimensions.

Relying on text similarity algorithms and weighted scor-
ing models, it automatically calculates scores for each
dimension and the total score. The system also generates
scoring instructions, marks deduction reasons, and helps
students clearly understand their writing weaknesses.

5) Learning Status Data Statistics Module

The module automatically records each student’s com-
position submission times, error type distribution, and
score change trend. It summarizes class data, counts high-
frequency grammatical errors, high-frequency word misuse
types, and average writing score ranges. Teachers can accu-
rately grasp the class’s overall writing weaknesses through
statistical reports generated by the module and reasonably
arrange subsequent classroom writing teaching.

D. INTEGRATED APPLICATION PROCESS OF NLP
ALGORITHMS

The technical execution across the system architecture op-
erates via a centralized computational pipeline. Rather than
executing isolated tasks, the system coordinates the five
structural modules synchronously: surface tokenization and
syntactic filtration feed directly into a concurrent multi-
layered analytical stack where rule-based heuristics and
deep-learning semantic language models cross-reference
text properties. This unified processing pipeline ensures that
immediate quantitative scoring metrics and categorical error
feedback profiles are generated in a single end-to-end com-
putational cycle, minimizing systemic lag and maximizing
diagnostic alignment.

IV. EMPIRICAL RESEARCH DESIGN AND DATA

ANALYSIS
A. EXPERIMENTAL DESIGN
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1) Experimental Subjects

This experiment selects two parallel classes of freshmen
non-English majors from a university as research subjects,
with a total of 96 students: 48 in the experimental class and
48 in the control class. Before the experiment, a unified
English writing test confirms that the two classes have
no significant difference in average writing level, with the
same vocabulary foundation, grammar mastery, and writing
ability, meeting the requirements of a controlled experiment.
The experiment cycle is one semester, 16 weeks.

2) Experimental Variables

« Independent variable: teaching feedback method. The
experimental class uses the NLP algorithm automatic
feedback system for composition correction and guid-
ance; the control class uses traditional manual correc-
tion by English teachers.

« Dependent variables: students’ English writing scores,
number of grammatical errors, sentence pattern opti-
mization degree, and autonomous learning ability. It is
critical to note that the pedagogical efficacy observed
inherently compounds two interconnected dimensions:
the structural quality of the algorithmic feedback and
the psychological impact of its real-time delivery (im-
mediacy). Consequently, the system is evaluated as a
holistic technological intervention—an NLP-driven in-
stantaneous feedback mechanism—acknowledging that
the reduction of cognitive latency is a native and
inseparable advantage of the algorithmic deployment
compared to traditional manual intervals.

o Control variables: The two classes use the same English
textbooks, teaching hours, composition training topics,
and scoring standards.

3) Experimental Process

(1) Pre-experiment: Organize a unified writing diagnostic
test, collect score data, and count initial error types and
quantities.

(2) Mid-experiment: Within 16 weeks, both classes com-
plete one English themed composition per week.

o Students in the experimental class submit composi-
tions, and the automatic feedback system provides
immediate revision suggestions. Students revise inde-
pendently according to feedback and resubmit.

o Compositions in the control class are manually cor-
rected by teachers and returned with comments one
week later. Students check and revise independently.
Teachers provide no extra individual guidance for the
experimental class to ensure fairness.

(3) Post-experiment: Organize a unified writing final test
at the end of the semester, collect score data, count the
number of writing errors and autonomous revision times of
students in both classes, and conduct comparative analysis.
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B. EVALUATION INDICATORS AND DATA STATISTICS
This paper sets four core evaluation indicators: comprehen-
sive writing score, average number of grammatical errors per
person, discourse logic compliance rate, and autonomous
writing revision frequency. Based on real data collected
before and after the experiment, four standard tables are
made: pre-experiment basic score comparison table, pre-
and post-experiment writing score change comparison table,
average error type quantity comparison table, and student
autonomous learning behavior statistics table.

C. EXPERIMENTAL DATA AND TABLE ANALYSIS
The pre-experiment comparison of basic scores between the
two classes is shown in Table 1.

It can be seen from Table 1 that before the experiment,
the average score of the experimental class is 62.35, and
that of the control class is 62.18. The highest score, lowest
score, and standard deviation of the two classes are close.
The data show that the initial English writing levels of the
two classes are basically the same with no obvious gap.
The experimental samples are comparable, and the results
are valid and reliable. The comparison table of writing score
changes before and after the experiment is shown in Table
2.

It can be seen from Table 2 that after one semester of
teaching experiment, the average writing score of the experi-
mental class increases by 13.33 points, with an improvement
rate of 21.38%. The average score of the control class using
traditional manual correction only increases by 6.24 points,
with an improvement rate of 10.04%.

The score improvement effect of the experimental class
is significantly better than that of the control class. The
experimental data fully prove that the automatic feedback
system integrating NLP algorithms can effectively improve
students’ overall English writing learning outcomes.

The comparison table of average error types between the
two classes is shown in Table 3.

It can be clearly seen from Table 3 that after the ex-
periment, the average number of four high-frequency errors
(word spelling, tense and voice, subject-verb collocation,
sentence pattern hybrid) as well as deep discourse logic
and argumentation errors in the experimental class is sig-
nificantly less than that in the control class. The intelligent
automatic feedback system can locate various error details
and deep semantic inconsistencies in students’ compositions
in real time and provide corresponding grammar rules, struc-
tural optimization maps, and standard revision examples.
Students can find their writing problems immediately and
complete revision exercises with examples.

The significant reduction in discourse logic and argu-
mentation errors (by 2.03 errors per student) quantitatively
demonstrates that the integrated pre-trained language models
successfully assist students in rectifying argument alignment
and paragraph coherence issues.

The traditional manual correction mode has obvious time
delay. Students cannot review wrong questions and consol-
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idate both syntactic and discourse knowledge in time, so
they tend to repeat the same writing errors. The statistics
table of students’ autonomous learning behaviors is shown
in Table 4.

The statistical data in Table 4 intuitively compare the
learning behaviors of the two groups. The average times of
autonomous composition revision, model essay reference,
and writing knowledge point sorting in the experimental
class are significantly higher than those in the control class.

The intelligent automatic feedback system has the ad-
vantage of 24/7 availability. Students are free from time
and venue restrictions. After submitting compositions, the
system can instantly output complete correction results and
optimization suggestions. Students can take the initiative to
polish compositions repeatedly according to the system’s
guidance and actively accumulate writing skills and gram-
mar knowledge. The traditional manual correction mode
has a long feedback cycle. Students wait a long time for
evaluation results, which reduces their willingness to revise
independently and enthusiasm for active learning.

D. COMPREHENSIVE EXPERIMENTAL CONCLUSIONS
(1) The automatic feedback system for English writing inte-
grating NLP algorithms can significantly improve students’
comprehensive writing scores, with an improvement range
about twice that of the traditional manual correction mode.

(2) The system can accurately identify various gram-
matical and sentence pattern errors, help students reduce
repeated writing errors, and consolidate their language foun-
dation.

(3) Intelligent real-time feedback stimulates students’
willingness to learn independently, increases the frequency
of composition revision, model essay learning, and knowl-
edge point sorting, and develops good writing learning
habits.

(4) The integration of NLP algorithms and English writ-
ing teaching has significant application advantages and
can effectively improve students’ English writing learning
outcomes through technical means.

V. EXISTING PROBLEMS AND OPTIMIZATION
STRATEGIES OF SYSTEM APPLICATION

A. EXISTING PROBLEMS IN SYSTEM APPLICATION

(1) Limitations in complex semantic recognition: Current
NLP algorithms have high accuracy in identifying simple
sentence patterns and basic grammatical errors but are
insufficient in judging implicit expressions, deep logical
ambiguities, and discourse conception of complex argumen-
tative essays.

(2) Insufficient personalized adaptation: The system pro-
vides feedback according to universal standards and does
not fully consider the differentiated needs of students of
different grades and English levels.

(3) Over-reliance on technology weakens teachers’ role:
Some teachers completely abandon manual comments after
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TABLE 1. Pre-Experiment Basic Writing Score Comparison between Experimental Class and Control Class (Full Score 100)

Class Number Average Score Highest Score Lowest Score Standard Deviation
Experimental Class 48 62.35 78 45 6.12
Control Class 48 62.18 77 44 6.08

TABLE 2. Pre- and Post-Experiment Average Writing Score Change Comparison between the Two Classes (Full Score 100)

Class Pre-Experiment Average Post-Experiment Average Score Score Improvement Improvement Rate
Score
Experimental Class 62.35 75.68 13.33 21.38%
Control Class 62.18 68.42 6.24 10.04%

TABLE 3. Post-Experiment Average Number of Various Grammatical Errors per Student in the Two Classes

Error Type Average Errors in Experimental Average Errors in Control Class Error Reduction Range
Class
Word Spelling Errors 2.16 4.85 2.69
Tense and Voice Errors 2.08 5.32 3.24
Subject-Verb Collocation Errors 1.53 3.96 243
Sentence Pattern Hybrid Errors 1.86 4.28 242
Discourse Logic & Argumentation Errors 1.12 3.15 2.03

TABLE 4. Statistics of Students’ Autonomous Learning Behaviors in Writing (Per Person per Semester)

Statistical Item Experimental Class Control Class Difference
Autonomous Composition Revision Times 8.65 322 543
Active Reference to Model Essays 6.38 2.15 4.23
Active Sorting of Writing Knowledge Points 7.52 2.86 4.66

using the system, ignoring guidance on students’ writing
thinking, emotional expression, and innovative conception.

(4) Insufficient deep correction ability for Chinglish: The
system can identify obvious Chinglish grammatical errors
but needs to strengthen the recognition and optimization of
implicit Chinglish logic and sentence problems caused by
cultural and thinking differences.

B. OPTIMIZATION STRATEGIES AT THE ALGORITHMIC

AND TECHNICAL LEVEL

(1) Upgrade pre-trained language models, expand the En-
glish writing corpus for Chinese students, and improve the
recognition accuracy of complex semantics and implicit
errors.

(2) Optimize multi-algorithm integration logic, increase
the evaluation weight of discourse conception, argumen-
tation logic, and emotional expression, and improve the
feedback function of high-level writing dimensions.

(3) Set a hierarchical feedback mode to match revision
suggestions and learning materials of different difficulties
for students at basic, intermediate, and advanced levels.

C. OPTIMIZATION STRATEGIES AT THE TEACHING
APPLICATION LEVEL

(1) Establish a mixed correction mode of “intelligent system
+ manual teaching”. The system is responsible for auto-
matic feedback on basic grammar, vocabulary, and sentence
patterns, while teachers focus on commenting on article
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conception, logical thinking, and innovative expression,
complementing each other.

(2) Teachers carry out targeted classroom teaching based
on system learning status statistics, focusing on explaining
high-frequency error knowledge points of the class.

(3) Guide students to use the automatic feedback sys-
tem correctly, emphasize that the system is an auxiliary
learning tool, encourage independent thinking, and cultivate
autonomous writing thinking.

D. OPTIMIZATION STRATEGIES AT THE PLATFORM
OPERATION LEVEL

(1) Regularly update composition question banks, model
essay materials, and grammar rule libraries to keep pace
with teaching progress and examination trends.

(2) Simplify the system operation interface, adapt to
multi-terminal use of mobile phones and computers, and
lower the use threshold for students and teachers.

(3) Add expanded learning resources such as writing
knowledge micro-lectures, sentence pattern templates, and
common collocations to make the feedback system have
both correction and teaching functions.

VI. CONCLUSION AND PROSPECT

A. RESEARCH CONCLUSIONS

Supported by NLP algorithms, this study integrates core
technologies such as text segmentation, part-of-speech tag-
ging, grammatical error correction, semantic analysis, and
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intelligent scoring to construct an automatic feedback model
for English writing. Through a one-semester controlled
experiment and four sets of statistical tables, this paper
quantitatively analyzes the application effect of the system.
The core conclusions are as follows:

(1) Integrating multiple NLP algorithms can realize full-
dimensional automatic detection and real-time feedback
of English compositions, covering four core dimensions:
vocabulary, grammar, sentence pattern, and discourse.

(2) The automatic feedback system for English writing
can effectively improve students’ writing scores, reduce the
number of grammatical errors, and cultivate autonomous
writing learning habits.

(3) The intelligent automatic feedback system can reduce
teachers’ correction workload, provide objective learning
status data, and assist teachers in catrying out precise writing
teaching.

(4) Current NLP technology still has deficiencies in
complex semantic recognition, high-level writing evaluation,
and differentiated personalized feedback.

B. RESEARCH DEFICIENCIES
This study has two limitations:

(1) The experimental samples only select non-English
majors from one university with a limited scope. Future
experiments can be expanded to primary and secondary
schools and multiple institutions.

(2) The model focuses on basic error feedback in written
English writing and does not conduct in-depth research on
the adaptability to oral English writing and academic paper
writing.

C. FUTURE RESEARCH PROSPECTS
Future research can be carried out in three directions:

(1) Continuously optimize NLP deep learning models to
improve the ability to recognize and feedback complex dis-
course logic, high-level conception, and implicit Chinglish.

(2) Expand application scenarios to adapt the automatic
feedback model to primary and secondary school English
writing, IELTS/TOEFL writing, academic English writing,
and other scenarios.

(3) Combine big data and artificial intelligence to build
an intelligent English writing teaching platform integrating
writing training, intelligent correction, learning status anal-
ysis, and personalized teaching recommendation, compre-
hensively promoting the intelligent development of English
education.
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