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Abstract. With the continuous advancement of natural language processing (NLP) technology, automatic essay scoring 
systems have emerged as a prominent research focus in the field of education. This paper first introduces the fundamentals 
of NLP and its applications in text analysis, including part-of-speech tagging, named entity recognition, and text classification. 
It then elaborates on the architecture of automatic essay scoring systems, covering overall system design, preprocessing 
modules, feature extraction modules, and scoring model modules. Subsequently, it delves into evaluation methods for essay 
grading systems, including metric frameworks and experimental designs. This paper aims to provide comprehensive guidance 
for researchers in related fields, advancing the application of natural language processing in essay grading. 
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Introduction 
As a crucial measure of students' writing proficiency and linguistic expression, essay assessment holds a pivotal 
position in education [1-3]. While traditional manual grading played a significant role for a period, its 
shortcomings have become increasingly apparent amid expanding educational scales and growing educational 
demands [4]. Manual grading is highly subjective, with varying evaluation criteria among teachers leading to 
inconsistent and non-objective scoring outcomes [5]. Additionally, manual grading is time-consuming and 
inefficient, requiring teachers to expend significant effort on sentence-by-sentence corrections. This hinders 
timely feedback delivery to students, adversely affecting teaching effectiveness and student motivation [6]. 

The emergence of natural language processing (NLP) technology offers a new solution to these challenges [7]. 
NLP, a vital branch of computer science and artificial intelligence, focuses on enabling computers to understand, 
generate, and process human language [8]. As NLP technology advances, its applications in education have 
expanded, giving rise to automated essay grading systems [9]. These systems enable rapid, objective essay 
grading, providing immediate feedback to both teachers and students, thereby significantly enhancing the 
efficiency and objectivity of essay evaluation [10]. Through automated scoring, teachers can allocate more time 
and energy to instructional design and personalized tutoring, while students gain timely insights into their 
writing proficiency and areas for improvement, allowing for targeted refinement and advancement [11-13]. 

Currently, numerous scholars worldwide have conducted extensive research in the field of automatic essay 
scoring, employing diverse methodologies that have propelled rapid advancements in this domain [14]. Early 
automatic essay scoring systems primarily relied on manually extracted features such as lexical richness, 
grammatical structure, and sentence length [15]. Reference [16] analyzed a large corpus of exemplary and 
average essays to identify a set of feature indicators correlated with writing quality, then integrated machine 
learning algorithms to establish a scoring model. While this approach effectively evaluates basic writing 

  Data Engineering and Applications  

 

Re
vi

ew
 P

ap
er

 



Automated Essay Scoring via NLP: System Architectures, Feature Engineering, and Evaluation Metrics 
DOI: 10.64972/dea.2025.v3i1.32 

2 
 

proficiency, it faces limitations in understanding and assessing semantic-level content. In recent years, driven by 
the rapid advancement of deep learning technologies, applications of deep neural networks (DNNs) [17], 
convolutional neural networks (CNNs) [18], recurrent neural networks (RNNs) [19], and their variants have 
increasingly emerged in essay grading [20]. These deep learning models can automatically learn effective feature 
representations from large text datasets without manual feature extraction, overcoming the shortcomings of 
traditional methods [21]. 

However, despite significant progress in the field of automatic essay scoring, several pressing issues and 
challenges remain. First, essays in different languages and styles pose high demands on the adaptability of 
scoring models [22]; Second, enhancing the interpretability of scoring models remains a critical challenge [23]. 
Additionally, optimizing system efficiency and performance when processing large-scale essay datasets is 
essential to ensure the real-time capability and usability of scoring systems [24]. 

This paper provides a comprehensive review of natural language processing-driven automatic essay scoring 
systems, aiming to offer systematic references and guidance for researchers in related fields and to advance the 
development of this domain. The contributions of this paper are as follows: (1) It systematically reviews the 
current application status of natural language processing techniques in the field of essay automatic scoring; (2) 
It provides a detailed analysis of the advantages and disadvantages of various essay automatic scoring system 
architectures; (3) It thoroughly explores the scientific rigor and effectiveness of evaluation methods for essay 
automatic scoring systems; (4) It analyzes the challenges faced by essay automatic scoring systems and offers 
reasonable predictions for future development trends. 

Natural Language Processing Technology 

Fundamentals of Natural Language Processing 

Natural language processing has emerged as a crucial enabler for a wide range of intelligent language 
applications, bridging the gap between human communication and computational understanding. Its 
interdisciplinary nature draws upon principles from linguistics, computer science, and cognitive psychology, 
allowing researchers and practitioners to develop algorithms that interpret, manipulate, and generate natural 
language data. As educational, commercial, and social contexts increasingly demand interactive and adaptive 
language technologies, NLP stands at the forefront of efforts to make computers more responsive to human 
needs and intentions. 

Natural Language Processing (NLP) [25-26] is a vital branch of computer science and artificial intelligence, 
focusing on enabling computers to understand, generate, and process human language. Its foundations 
encompass linguistic knowledge and text processing techniques. Linguistic knowledge covers lexicology, syntax, 
and semantics [27], providing theoretical support for computers to understand language structure and meaning. 
Text processing techniques include steps such as text cleaning, word segmentation, and stem extraction, 
preparing data for subsequent processing. 

The methods and tools developed within the NLP domain are essential for a broad spectrum of downstream 
tasks, including information extraction, text summarization, sentiment analysis, and dialogue systems. By 
systematically combining linguistic theory with statistical and computational models, NLP facilitates both the 
analysis of complex language phenomena and the automation of language-based reasoning. This integration of 
theory and technology enables the transformation of unstructured text into structured knowledge, laying the 
groundwork for advanced applications such as automated essay scoring, intelligent tutoring, and adaptive 
learning platforms. As NLP continues to mature, its influence extends deeper into educational assessment, 
knowledge management, and human-computer interaction, driving further innovation across disciplines. 

The fundamentals of natural language processing primarily encompass lexicology, syntax, and semantics [28], 
manifested as follows: 1) Lexicology primarily studies word structure, word formation, and inflection. In natural 
language processing, lexicological knowledge helps computers recognize and understand the basic meanings 
and usages of vocabulary, laying the foundation for tasks such as part-of-speech tagging and semantic analysis 
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[29]. 2) Syntax investigates sentence structure and composition rules—how words combine into phrases, 
sentences, and larger textual units. Syntactic analysis is a core NLP task, aiming to determine sentence grammar, 
identify components like subjects, predicates, and objects, and establish hierarchical relationships between 
them [30]. 3) Semantics focuses on the meaning level of language, investigating the concepts, relationships, and 
contextual meanings expressed by words, phrases, and sentences. Semantic analysis aims to enable computers 
to grasp the true meaning of text, encompassing tasks like word sense disambiguation, semantic role labeling, 
and semantic relation identification [31]. 

Applications of Natural Language Processing in Text Analysis 

The rapid development of natural language processing has significantly expanded the range of intelligent 
applications in educational assessment. By leveraging linguistic theory and computational algorithms, NLP 
enables computers to process and interpret human language at multiple levels, from lexical and syntactic 
analysis to semantic and pragmatic understanding. Within the context of automatic essay scoring, the 
integration of NLP techniques allows systems to go beyond surface-level text matching, providing deeper 
insights into writing quality and content relevance. These technologies empower automated systems to 
systematically analyze the structure, meaning, and communicative intent of student essays, supporting more 
objective and comprehensive evaluation processes. As a result, NLP serves as a critical foundation for advancing 
the automation of complex language assessment tasks and enhancing the overall fairness and consistency of 
educational evaluation. 

Natural Language Processing has diverse applications in text analysis, primarily including part-of-speech tagging 
[32], named entity recognition [33], text classification [34], sentiment analysis [35], machine translation [36], 
and text generation [37]. A comparative analysis is presented in Table 1. 

Table 1. Role and Development Directions of Natural Language Processing Technologies in Essay Scoring 
Technology Process Role in Essay Scoring Future Development Direction 

Part-of-speech 
tagging 

Text preprocessing feature 
extraction model training and 

tagging 

Check grammatical errors 
evaluate vocabulary usage 

Optimization by deep learning 
methods multilingual POS tagging 

Named entity 
recognition 

Preprocessing feature extraction 
model training and recognition 

Assess use of proper nouns enrich 
content detection 

Application of deep learning methods 
adaptation to multiple domains 

Text classification Preprocessing feature extraction 
model training and classification 

Essay type identification targeted 
scoring 

Fine-tuning deep learning models 
research on multi-label classification 

Sentiment 
analysis 

Preprocessing feature extraction 
model training and classification 

Sentiment expression assessment 
enhance scoring dimensions 

Deep learning for sentiment feature 
mining fine-grained sentiment analysis 

Machine 
translation 

Text analysis model training 
translation generation and 

optimization 

Multilingual essay processing 
reference for semantic 

understanding 

Optimization of neural machine 
translation exploration of multimodal 

translation 

Text generation Preprocessing model training text 
generation and optimization 

Generate model essay for 
comparison logical structure 

assessment 

Application of pre-trained language 
models improvement of generated text 

quality 

The integration of multiple NLP techniques within essay assessment allows for a more holistic and nuanced 
evaluation of student writing. By leveraging these methods across the scoring pipeline, automated systems are 
able to capture a broad range of linguistic phenomena, from syntactic structure and terminology usage to 
sentiment and genre identification. This synergy of diverse NLP approaches not only elevates the precision of 
automated feedback but also lays the groundwork for adaptive and context-aware scoring mechanisms. 
Continuous advancements in these foundational technologies will further empower educators to deliver more 
timely, consistent, and pedagogically relevant assessment outcomes. 

To further clarify how various natural language processing (NLP) technologies are integrated within automatic 
essay scoring systems, it is beneficial to examine the overall operational workflow. By visualizing the sequence 
and interactions among processes such as text preprocessing, feature extraction, scoring, and feedback, readers 
can gain a clearer understanding of the system’s modular structure and the role each NLP component plays in 
the grading pipeline. This systematic overview helps to illustrate how foundational NLP tasks, including part-of-
speech tagging, named entity recognition, and text classification, contribute to essay evaluation and support the 
broader goal of automated, objective, and consistent scoring. The main stages and their interconnections are 
depicted below in Figure 1. 
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Figure 1. Example workflow of Natural Language Processing applications in automatic essay scoring systems. 

The illustrated workflow encapsulates the integration of various NLP technologies within the essay grading 
pipeline, emphasizing the seamless interaction between preprocessing, feature extraction, scoring, and 
feedback modules. By visualizing these connections, the figure highlights how each NLP component contributes 
to the overall reliability and objectivity of automated scoring. This modular approach not only facilitates system 
scalability and maintenance but also enhances adaptability to diverse educational contexts. Understanding the 
interplay of these stages is essential for optimizing system performance and ensuring consistent, high-quality 
assessment outcomes. 

Part-of-speech tagging involves annotating each word in a text with its corresponding part of speech, aiding in 
the analysis of sentence structure and grammatical relationships while providing a basis for grammar checks in 
essay scoring [32]. Within essay scoring systems, part-of-speech tagging enables the detection of grammatical 
errors such as improper noun-verb combinations or incorrect article usage [38]. Additionally, it enables analysis 
of the frequency and diversity of different parts of speech within essays, evaluating students' vocabulary 
utilization and linguistic richness [39]. Common part-of-speech tagging methods include rule-based approaches 
[40], statistical methods [41], and deep learning techniques [42]. Rule-based methods rely on predefined 
grammatical rules and dictionaries, making them suitable for specific languages and domains [40]; Statistical 
methods learn probabilistic relationships between parts of speech and context by training on annotated corpora, 
enabling adaptation to diverse text data [41]; Deep learning methods automatically learn contextual information 
and lexical features within text, achieving high annotation accuracy [42]. 

In addition to their core role in grammatical analysis, part-of-speech tagging techniques support a variety of 
downstream natural language processing tasks that enhance the capabilities of automated essay scoring systems. 
For instance, accurate POS tagging serves as a prerequisite for advanced syntactic parsing, which can further 
identify phrase boundaries, clause structures, and hierarchical dependencies within sentences. This deeper 
syntactic information enables systems to assess the complexity and sophistication of student writing, providing 
a more nuanced evaluation of language proficiency. Furthermore, POS tagging facilitates the extraction of 
linguistic patterns such as passive constructions, modal usage, and the deployment of cohesive devices, all of 
which contribute to the overall coherence and style of an essay. By integrating POS-based features with other 
linguistic indicators, automated scoring models can more effectively capture subtle aspects of writing quality, 
such as variation in sentence structure and the appropriate use of academic or descriptive language. The 
robustness and adaptability of POS tagging approaches also make them valuable for cross-linguistic applications, 
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allowing systems to be extended to multiple languages with appropriate adjustments to tagging schemes and 
grammatical resources. Collectively, these capabilities underscore the foundational importance of part-of-
speech tagging in the broader context of automated writing assessment and educational technology. 

Named Entity Recognition (NER) identifies entity names within text [33]. In automated essay scoring, it can 
assess whether students use proper nouns correctly and appropriately, as well as whether such usage enriches 
essay content. By identifying named entities in essays, evaluators can assess students' correct usage and spelling 
of these entities, as well as whether relevant entities are appropriately referenced to enhance the essay's 
persuasiveness and content richness. Common NER methods include rule-based approaches [43], machine 
learning methods [44], and deep learning methods [45]. Rule-based methods match named entities by defining 
patterns and dictionaries, suitable for specific domains and languages [43]; Machine learning approaches such 
as Hidden Markov Models (HMM) [46] and Conditional Random Fields (CRF) [47] learn entity features and 
contextual relationships through annotated corpora; deep learning methods like Recurrent Neural Networks, 
Convolutional Neural Networks, and Transformer architectures can automatically extract contextual features 
from text, enabling end-to-end NER with superior performance [48]. 

Text classification categorizes text according to specific themes or categories [34]. In automated essay scoring, 
text classification technology helps systems rapidly and accurately identify essay types, enabling selection of 
appropriate scoring criteria and models for evaluation. Text classification methods primarily include traditional 
machine learning approaches [49] and deep learning methods [50]. Traditional machine learning approaches 
like Naive Bayes [51], Support Vector Machines [52], and Decision Trees [53] typically require manual feature 
extraction from text, such as bag-of-words models or TF-IDF. Deep learning methods can automatically learn 
semantic features and contextual relationships within text. By fine-tuning pre-trained language models, they 
achieve high classification accuracy [54]. 

Beyond the core function of categorizing essays, text classification also plays a pivotal role in enhancing the 
adaptability and scalability of automated scoring systems. By accurately recognizing essay genres—such as 
argumentative, narrative, or expository writing—classification modules can dynamically apply genre-specific 
rubrics and linguistic features for more precise evaluation. This targeted approach allows the system to account 
for the unique structural and stylistic conventions associated with different essay types, thereby improving the 
fairness and validity of score assignments. Furthermore, text classification assists in filtering out off-topic or 
irrelevant submissions, ensuring that only essays aligned with the prompt are subjected to detailed assessment. 
The flexibility of classification algorithms makes it feasible to accommodate new or evolving writing tasks with 
minimal manual intervention, supporting the ongoing evolution of educational assessment. By integrating text 
classification with other NLP components, automated essay scoring systems are better equipped to deliver 
nuanced feedback that addresses both content relevance and writing quality, ultimately supporting more 
effective learning outcomes. 

Sentiment analysis examines the emotional orientation embedded in text, such as positive, negative, or neutral 
sentiments. In automated essay scoring, sentiment analysis helps evaluate the appropriateness and authenticity 
of students' emotional expressions within essays, as well as their alignment with the essay's theme and 
requirements [35]. Primary sentiment analysis methods include dictionary-based approaches, machine learning-
based approaches [55], and deep learning-based approaches [56]. Dictionary-based methods utilize sentiment 
lexicon entries and semantic rules to compute text sentiment; machine learning-based methods train 
classification models like Naive Bayes or Support Vector Machines using annotated sentiment corpora; deep 
learning-based methods employ neural networks to automatically extract textual sentiment features, such as 
recurrent neural networks, convolutional neural networks, and pre-trained language models, demonstrating 
superior performance in handling complex textual sentiment. 

Machine translation is a significant application area within natural language processing, aiming to automatically 
translate one natural language into another [36]. Early machine translation systems primarily relied on rules and 
dictionaries, translating through manually crafted translation rules and glossaries. However, this approach 
struggled to handle the complexity and polysemy inherent in language [57]. In recent years, Statistical Machine 
Translation (SMT) and Neural Machine Translation (NMT) have gradually become mainstream approaches [58]. 
Statistical Machine Translation analyzes large-scale bilingual corpora to learn statistical patterns between source 
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and target languages, thereby achieving translation [57]. Neural Machine Translation, leveraging deep neural 
networks, directly maps source language sentences to target language sentences. This approach better captures 
semantic information and contextual relationships within text, producing more fluent and natural translations. 
When processing essays in different languages, techniques from machine translation—such as text semantic 
understanding and cross-lingual knowledge transfer—can be leveraged to enhance the adaptability and scoring 
accuracy of essay grading systems for multilingual compositions. 

In addition to advancing the accuracy of translation, machine translation technologies have contributed to the 
broader integration of multilingual processing within educational assessment systems. By enabling the 
automated analysis of essays written in various languages, these technologies facilitate fairer and more inclusive 
evaluation practices, accommodating the linguistic diversity of students. Techniques such as word alignment, 
phrase-based translation, and cross-lingual embeddings allow essay scoring systems to identify equivalencies 
between expressions in different languages, thereby supporting consistent application of scoring criteria. 
Furthermore, the use of machine translation aids in the development of shared rubrics and benchmarks, 
promoting standardization in multilingual assessment environments. As a result, automated essay scoring 
platforms can provide meaningful and comparable feedback to learners regardless of their native language, 
supporting global educational objectives and fostering more equitable learning opportunities. This synergy 
between machine translation and automated assessment highlights the potential for natural language 
processing to bridge linguistic gaps and enhance the overall effectiveness of educational technology solutions. 

Text generation can produce model essays or reference answers for comparison with student submissions, 
aiding scoring [37]. Applications include automated writing, dialogue systems, and text summarization. In 
automated essay scoring, text generation technologies can generate high-quality model essays or reference 
answers, providing standards and grounds for evaluation. Reference [59] demonstrates that comparing student 
essays with generated models can analyze strengths and weaknesses, such as content completeness, logical 
structure coherence, and linguistic accuracy. 

Based on the above analysis, the advantages and disadvantages of applying natural language processing 
technologies are summarized in Table 2. 

Table 2. Analysis of Advantages and Disadvantages in Applying Natural Language Processing Technologies 
Technology Application Case Advantages Limitations 

Part-of-speech 
tagging 

Grammar checking 
tools 

Improve accuracy of grammar check 
provide vocabulary usage suggestions 

Tagging errors may cause chain 
misunderstanding limited in semantic 

understanding 
Named entity 

recognition 
Information retrieval 

systems 
Improve retrieval accuracy extract key 

entities 
Easily confused with similar entities heavily 

influenced by domain-specific terms 

Text classification Automated news 
categorization 

Efficient large-scale text processing 
automatic content organization 

Classification errors reduce system reliability 
overly dependent on training data 

Sentiment 
analysis 

Customer review 
sentiment analysis 

Gain deep insight into user sentiment 
trends support product improvement 

May misjudge complex sentiment 
expression difficult to handle metaphor and 

irony 
Machine 

translation 
Multilingual document 

translation 
Break language barriers promote cross-

cultural communication 
Translation quality varies difficult to handle 

culture-specific expressions 

Text generation Intelligent writing 
assistants 

Improve writing efficiency inspire 
creativity 

Generated text may lack depth and emotion 
risk of factual errors 

In practical deployment, each NLP technology brings unique value to automated essay scoring while 
simultaneously presenting specific technical challenges. The application context often determines which 
strengths can be maximized and which weaknesses require mitigation strategies. For instance, while grammar 
checking tools can offer actionable insights for language learners, issues like semantic ambiguity and domain 
adaptation may require supplementary solutions. Understanding the interplay of these factors is essential for 
developing resilient systems that maintain high standards of reliability and educational fairness across varied 
use cases. 

Based on the application of natural language processing technology, its applicable scenarios and effects are 
shown in Table 3. 
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Table 3. Applicable Scenarios, Effects, and Challenges of Natural Language Processing Technology 
Technology Applicable Scenario Effect Challenge 

Part-of-speech 
tagging 

Grammar teaching text 
analysis 

Accurate identification of parts 
of speech assist language 

learning 

Difficult to handle ambiguous words 
maintain tagging consistency 

Named entity 
recognition 

Information extraction 
knowledge graph 

construction 

Effective entity recognition 
support intelligent Q&A 

Difficult to handle entity diversity and 
change cross-domain adaptation 

Text classification Text management public 
opinion analysis 

Fast text classification mining 
information value 

Difficult to handle class imbalance difficult to 
process new text categories 

Sentiment 
analysis 

Brand monitoring user 
research 

Accurate grasp of sentiment 
trends guide decision-making 

Difficult to handle complex multi-turn 
dialogue sentiment ensure cross-domain 

accuracy 

Machine 
translation 

Cross-language 
communication cultural 

transmission 

Enable fast translation promote 
information sharing 

Difficult to process professional terminology 
challenge to optimize translation fluency and 

accuracy 

Text generation Content creation summary 
writing 

Improve creative efficiency 
achieve text diversity 

Difficult to control quality of generated text 
avoid plagiarism ensure originality 

The suitability of different NLP approaches depends heavily on the characteristics of the educational scenario 
and the objectives of assessment. By aligning technological capabilities with instructional needs, automated 
systems can facilitate more effective teaching and learning processes. However, developers must also account 
for the inherent complexity of natural language, ensuring that solutions remain robust to linguistic diversity, 
genre variation, and the evolving nature of written communication. Addressing these challenges is critical for 
achieving sustainable and scalable improvements in automated essay evaluation. 

Among the statistical approaches, the Hidden Markov Model (HMM) has been widely used for part-of-speech 
tagging. The core idea is to find the most probable sequence of tags for a given sentence, which can be 
mathematically formulated as follows: 

arg max
𝑇𝑇

𝑃𝑃(𝑊𝑊 ∣ 𝑇𝑇)𝑃𝑃(𝑇𝑇)  (1) 

where 𝑊𝑊 represents the observed word sequence, and 𝑇𝑇 denotes the possible tag sequence. This probabilistic 
framework enables the model to consider both the likelihood of the words given the tags and the prior 
probability of the tag sequence, thus improving tagging accuracy in practical applications. 

Architecture of the Automatic Essay Grading System 

Overall System Architecture Design 

In the realm of educational technology, automated essay scoring systems have evolved to address the growing 
need for objective and timely assessment of written work. These systems are designed to replicate, as closely as 
possible, the nuanced judgment of human raters while minimizing subjectivity and inconsistencies. By leveraging 
advancements in natural language processing and machine learning, automated essay scoring platforms can 
efficiently process large volumes of student essays, ensuring consistent evaluation criteria across diverse 
subjects and grade levels. The development of such systems is underpinned by the recognition that effective 
essay assessment extends beyond mere grammar and spelling checks, requiring a comprehensive analysis of 
content relevance, logical coherence, and linguistic sophistication. To meet these demands, designers of 
automated grading platforms have adopted a modular approach, allowing for flexible integration of new 
analytical techniques and easier adaptation to varying educational standards. 

The overall architecture design of the automatic essay grading system aims to build an efficient, accurate, and 
scalable grading platform. The core objective is to achieve efficient operation and convenient maintenance 
through modular design, which decomposes complex grading tasks into multiple relatively independent yet 
closely collaborating submodules [59]. A typical overall architecture of an automatic essay scoring system 
generally comprises preprocessing, feature extraction, scoring model, and result feedback modules [60]. The 
functional analysis of each module is presented in Table 4. 
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Table 4. Module Functions of the Automatic Essay Scoring System 
Module Main Function Input Output 

Preprocessing 
module 

Standardize raw essay text including text 
cleaning word segmentation stem 

extraction 
Raw essay text 

Cleaned text word 
segmentation result stemming 

result 
Feature 

extraction 
module 

Extract valuable information from 
preprocessed text such as lexical 
grammatical semantic features 

Cleaned text word 
segmentation result stemming 

result 

Lexical feature vector 
grammatical feature vector 

semantic feature vector 

Scoring model 
module 

Use machine learning or deep learning 
algorithms to predict essay scores based 

on extracted features 

Lexical feature vector 
grammatical feature vector 

semantic feature vector 
Essay score 

Result feedback 
module 

Present scoring results and related 
analysis suggestions in an intuitive and 

understandable way 
Essay score Visualized scoring results 

analysis suggestions 

A modular and systematic design underpins the reliability and scalability of automated essay scoring platforms. 
Each functional component contributes specialized expertise to the overall process, ensuring that data integrity 
is preserved from initial input through to the generation of final feedback. This architecture not only streamlines 
operational efficiency but also supports future enhancements, such as the incorporation of new language 
models or the adaptation to emerging educational standards. Ultimately, such a structure is crucial for delivering 
consistent, transparent, and actionable assessment at scale. 

A comprehensive understanding of the automatic essay grading system requires not only a discussion of its 
individual modules but also an appreciation of how these modules interact as an integrated whole. By presenting 
the overall system architecture, it becomes evident how preprocessing, feature extraction, scoring, and result 
feedback modules collaborate to create an efficient and robust grading platform. Such an architectural overview 
facilitates insight into the logical flow of information and the dependencies among components, providing a 
framework for further analysis and optimization. The following diagram in Figure 2 offers a visual representation 
of the typical structure and functional relationships within an automatic essay scoring system. 

 
Figure 2. Overall architecture diagram of an automatic essay scoring system, illustrating main modules and their interactions. 

This architectural diagram presents a modular perspective on system design, where each component operates 
both independently and collaboratively to achieve comprehensive essay evaluation. The structured flow of 
information—from initial text input to final feedback—demonstrates how data transformations underpin 
accurate scoring and insightful analysis. Such a layout enables the system to be flexible, supporting 
enhancements and integrations with emerging technologies. By mapping the dependencies and data flow, 
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researchers and developers can more effectively identify bottlenecks and opportunities for improvement within 
the system. 

Preprocessing Module 

The preprocessing module serves as the foundational component of the automatic essay scoring system. Its 
function is to standardize and format raw essay texts, eliminating noise information and unifying text formats 
to create favorable conditions for subsequent feature extraction and analysis [61]. 

A robust preprocessing stage not only improves the clarity and uniformity of the input data but also reduces the 
risk of downstream errors in the analysis pipeline. By systematically addressing inconsistencies in the raw text—
such as irregular spacing, mixed encodings, or non-standard punctuation—preprocessing ensures that all essays 
are evaluated on a level playing field. This normalization process is especially important when handling large and 
diverse essay corpora, where variations in input format can introduce bias or hinder the generalizability of the 
scoring model. As a result, careful design and implementation of the preprocessing module are crucial for 
maintaining the integrity and reliability of the entire automated assessment workflow. 

Text cleaning is the primary task of the preprocessing module. It preserves pure text content by removing 
irrelevant characters, symbols, numbers, and redundant spaces [62]. Text cleaning operations are typically 
implemented using string processing techniques such as regular expressions, enabling rapid and accurate 
identification and processing of noisy segments within the text. Additionally, text vocabulary undergoes case 
unification processing, converting all letters to lowercase. This prevents issues like duplicate word counts caused 
by case differences, enhancing the accuracy and efficiency of subsequent text processing [63]. 

In practical applications, text cleaning must strike a careful balance between thoroughness and preservation of 
meaningful content. Overly aggressive cleaning may inadvertently remove valuable linguistic cues, such as 
stylistic markers or intentional use of punctuation, which could be relevant for evaluating writing quality. 
Therefore, it is essential to calibrate text cleaning rules to retain features that contribute to the assessment 
objectives, such as sentence boundaries and paragraph markers. Furthermore, adapting cleaning strategies to 
different genres or educational contexts can help optimize the preprocessing outcomes and support more 
nuanced downstream analysis. 

Word segmentation is another critical task within the preprocessing module. It divides continuous text into 
discrete lexical units or phrases, forming the foundation for the vast majority of natural language processing 
tasks [64]. The quality of segmentation results directly impacts the accuracy of subsequent operations like part-
of-speech tagging and named entity recognition, making the selection and optimization of segmentation 
algorithms crucial. 

Given the diversity of natural language, word segmentation must accommodate a broad range of linguistic 
phenomena, including compound words, contractions, and multi-word expressions. Particularly in languages 
with ambiguous word boundaries, segmentation algorithms must be sensitive to contextual cues and syntactic 
patterns to avoid misinterpretation of meaning. Fine-tuning segmentation approaches to align with the 
characteristics of the target language and the specific requirements of essay scoring can significantly enhance 
the precision of subsequent feature extraction processes. Ultimately, effective segmentation forms the bedrock 
upon which reliable linguistic analysis and automated evaluation are built. 

Stemming and stem restoration operations aim to reduce lexical diversity by converting different morphological 
forms of words back to their base forms, thereby enhancing feature stability and consistency [65]. Stemming 
extracts the core part of a word by removing prefixes and suffixes. Morphological normalization restores words 
to their standard dictionary forms. These operations not only reduce lexical dimensionality and mitigate data 
sparsity issues but also enable the system to focus on core lexical semantics, thereby enhancing the 
generalization capability and accuracy of scoring models. 

A comparative analysis of preprocessing operations is presented in Table 5. 
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Table 5. Comparative Analysis of Preprocessing Operations 
Operation Advantages Disadvantages 

Text cleaning Remove irrelevant characters symbols numbers 
retain pure text content Over-cleaning may lead to loss of useful information 

Word 
segmentation 

Split text into lexical units facilitate feature 
extraction 

Segmentation errors affect subsequent analysis poor 
adaptation to domain-specific terms 

Stemming Reduce vocabulary diversity improve feature 
stability 

Over-stemming may change meaning not applicable to some 
words 

Lemmatization Restore words to standard form unify word 
representation 

Requires high-quality lemmatization rules or models slower 
processing speed 

Selecting appropriate preprocessing techniques is a foundational step in the construction of high-quality text 
analytics systems. Effective preprocessing enhances the clarity and uniformity of input data, directly impacting 
the accuracy of downstream analysis and modeling. Striking the right balance between data simplification and 
the preservation of meaningful linguistic information remains a central concern, especially as systems are 
extended to handle increasingly diverse and unstructured essay corpora. 

Feature Extraction Module 

The feature extraction module plays a crucial role in automatic essay scoring systems, with its core task being to 
extract features from preprocessed text that reflect essay quality. The comprehensiveness and accuracy of 
feature extraction directly impact the performance of scoring models and the final scoring results [66]. Feature 
extraction encompasses lexical, syntactic, and semantic features, among others [56], as detailed in Table 6. 

Table 6. Classification and Comparison of Feature Extraction Methods 
Method Applicable Scenario Advantages Disadvantages 

Lexical feature 
extraction All types of essay scoring Directly reflect vocabulary usage 

simple calculation 
Ignores semantic and grammatical 

information shallow text understanding 

Grammatical 
feature extraction 

Essay scoring with high 
grammar requirements 

Reflect language structure and 
expression norms dig deeper into 

grammar info 

Sensitive to grammatical errors requires 
high-quality grammar analysis tools 

Semantic feature 
extraction 

Essay scoring requiring deep 
semantic understanding 

Capture deep meaning and logical 
relationships improve scoring 

accuracy 

High computational complexity heavily 
dependent on model quality and 

training data 

Feature engineering remains a pivotal aspect of automatic essay scoring, as the choice and quality of extracted 
features determine the extent to which a system can accurately reflect human judgment. A well-designed 
feature extraction strategy captures not only surface-level language attributes but also deeper structural and 
semantic relationships within the text. By combining different types of features, automated systems can better 
approximate the holistic criteria typically employed by human raters, enhancing both scoring validity and 
diagnostic feedback. 

Understanding the effectiveness of an automatic essay scoring system relies heavily on the quality and diversity 
of features extracted from student essays. By comparing different approaches to feature extraction—lexical, 
grammatical, and semantic—researchers and practitioners can better appreciate the strengths and limitations 
of each method in capturing various dimensions of writing quality. This comparison highlights the importance 
of selecting appropriate features that align with the assessment objectives and the capabilities of the chosen 
scoring model. To provide a concise summary of these methods and facilitate direct comparison, Figure 3 
presents a visual overview of the primary feature extraction techniques commonly applied in automatic essay 
evaluation. 
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Figure 3. Comparison of feature extraction methods: lexical, grammatical, and semantic features. 

The comparative visualization in this figure underscores the importance of selecting appropriate features to 
capture different dimensions of writing quality. Lexical features provide a straightforward measure of vocabulary 
usage, while grammatical and semantic features delve deeper into language structure and meaning. By 
juxtaposing these approaches, the figure clarifies the trade-offs involved in feature selection and the potential 
impact on scoring accuracy. This comparison not only guides model development but also informs the design of 
more equitable and nuanced assessment criteria, ultimately supporting fairer and more comprehensive essay 
evaluation. 

Lexical characteristics serve as one of the fundamental dimensions for assessing essay quality, encompassing 
metrics such as lexical richness, lexical diversity, and the usage of high-frequency vocabulary. Lexical richness 
can be measured by calculating the ratio of distinct words to the total word count in an essay, reflecting the 
breadth and accumulation of a student's vocabulary [67]. Lexical diversity, meanwhile, focuses on the evenness 
of word distribution. Statistically analyzing the frequency and distribution of high-frequency words within essays 
reveals students' mastery and application of core vocabulary, identifies potential overreliance on fixed 
expressions, and provides crucial insights for evaluating linguistic expression. 

In addition to these quantitative measures, qualitative analysis of lexical usage further enriches the evaluation 
of essay quality. By examining the appropriateness and contextual relevance of word choices, automated 
systems can distinguish between mere vocabulary variety and the effective deployment of language. For 
instance, the use of collocations, idiomatic expressions, and academic vocabulary often signals a more advanced 
command of language, as compared to repetitive or formulaic phrasing. Moreover, the presence of synonyms 
and paraphrasing throughout an essay demonstrates a student's flexibility in expression and ability to avoid 
redundancy. Beyond individual word selection, the integration of transitional phrases and cohesive devices also 
contributes to lexical sophistication, supporting the logical flow and coherence of the essay. Collectively, these 
lexical attributes not only reflect a student's linguistic competence but also provide a nuanced perspective on 
their ability to convey complex ideas with clarity and precision. As a result, comprehensive assessment of lexical 
features plays a vital role in capturing the multidimensional nature of writing proficiency within automated essay 
scoring frameworks. 

Grammatical feature extraction primarily analyzes syntactic structures in essays, including part-of-speech 
tagging sequences, sentence length distribution, and the proportion of complex sentences [68]. Part-of-speech 
tagging sequences reveal whether sentence structures are grammatically correct and logical. Analyzing these 
annotated patterns in essays can identify common grammatical errors. Sentence length distribution reflects the 
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richness of sentence structures and expressive fluency. Generally, a balanced mix of long and short sentences 
enhances an essay's expressiveness and readability. The proportion of complex sentences reflects students' 
mastery and application of advanced grammatical structures, serving as a key indicator for evaluating the 
linguistic sophistication and logical coherence of compositions. 

Semantic feature extraction leverages semantic analysis techniques from natural language processing to delve 
into content relevance, logical coherence, and semantic depth [69-70]. Content relevance is assessed by 
calculating semantic similarity between the composition's theme and a predefined topic. Logical coherence 
analysis focuses on the natural flow of transitions between paragraphs and connections between sentences, 
often achieved by evaluating the use of conjunctions and semantic relevance. Semantic depth reflects the 
intellectual richness and knowledge depth expressed in the essay. It can be preliminarily quantified by analyzing 
lexical semantic complexity and the hierarchical relationships between concepts, providing robust support for 
comprehensively assessing the semantic quality of essays. To quantify lexical richness in student essays, one of 
the most commonly used metrics is the Type-Token Ratio (TTR). This measure reflects the diversity of vocabulary 
utilized in the text and is calculated as: 

TTR = 𝑁𝑁types 

𝑁𝑁tokens 
  (2) 

where 𝑁𝑁types  is the number of unique words (types) and 𝑁𝑁tokens  is the total number of words (tokens) in the 
essay. A higher TTR indicates greater lexical diversity, which is generally associated with higher writing quality. 

Scoring Model Module 

The scoring model module serves as the core component of the automated essay scoring system, with its 
primary function being to predict essay scores based on extracted features [71]. This module typically employs 
machine learning or deep learning algorithms for training. By learning the mapping relationship between 
features and scores from large datasets of annotated essays, it constructs models capable of accurately 
predicting essay scores. 

In practical implementations, the selection of an appropriate scoring model greatly influences the accuracy and 
fairness of automated essay evaluation. Traditional machine learning methods, such as linear regression, 
support vector machines, and decision trees, have been widely adopted due to their interpretability and 
relatively low computational requirements. These algorithms typically rely on carefully engineered features that 
capture lexical, syntactic, and semantic aspects of student writing. By analyzing patterns within annotated 
datasets, these models can generalize scoring criteria across diverse essay topics and proficiency levels. To 
further enhance model robustness, ensemble approaches that combine multiple algorithms have also been 
explored, leveraging the complementary strengths of different classifiers. Importantly, the effectiveness of any 
scoring model depends not only on algorithmic design but also on the quality and representativeness of the 
training corpus. As such, curating balanced and well-annotated essay datasets remains a critical step in ensuring 
that the automated system delivers consistent, objective, and pedagogically valuable feedback to both 
educators and learners. 

Traditional machine learning algorithms are widely applied in essay automatic scoring, including linear 
regression [55], support vector machines [72], and decision trees [73]. Linear regression models assume a linear 
relationship between features and scores, determining model parameters by minimizing the difference between 
predicted and actual scores. Support vector machines classify essays into different score categories by finding a 
hyperplane in the feature space, making them suitable for handling nonlinear relationships. Decision tree 
algorithms progressively assign essays to different score categories based on feature values through a series of 
decision rules, offering high interpretability. While these traditional algorithms achieve satisfactory scoring 
results with limited data and thorough feature engineering, their ability to handle complex semantic features 
and large-scale data is relatively constrained. 

For many early automatic essay scoring systems, linear regression has served as a fundamental approach to 
predict essay scores based on extracted features. The general form of a linear regression scoring model is given 
by: 
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𝑦̂𝑦 = 𝑤𝑤0 + 𝑤𝑤1𝑥𝑥1 + 𝑤𝑤2𝑥𝑥2 + ⋯+ 𝑤𝑤𝑛𝑛𝑥𝑥𝑛𝑛  (3) 

where 𝑦̂𝑦  denotes the predicted score, 𝑥𝑥1, 𝑥𝑥2, … , 𝑥𝑥𝑛𝑛  are the feature values, and 𝑤𝑤0,𝑤𝑤1, … ,𝑤𝑤𝑛𝑛  are the model 
coefficients learned from the training data. This linear mapping allows for interpretable relationships between 
input features and output scores. 

Evaluation Methods for Automatic Essay Scoring Systems 

Evaluation Metric System 

To ensure the reliability and validity of automatic essay scoring systems, it is essential to conduct systematic and 
rigorous performance evaluations. These assessments not only verify the agreement between automated scores 
and human raters but also help identify potential biases and limitations within the scoring algorithms. A robust 
evaluation framework typically encompasses both quantitative and qualitative analyses, allowing researchers to 
examine the accuracy, consistency, and fairness of scoring outcomes across diverse essay prompts, genres, and 
proficiency levels. Furthermore, comprehensive evaluation enables the identification of cases where the system 
may underperform, such as essays with unconventional structures or creative language use, thereby informing 
iterative improvements in model design. By adopting a multifaceted approach to evaluation, stakeholders can 
better understand the strengths and weaknesses of automated grading systems and guide their responsible 
deployment in educational settings. 

Assessing the performance of automatic essay scoring systems requires establishing a scientific and reasonable 
metric system. Common evaluation metrics include accuracy, recall, and F1 score [74]. Accuracy measures the 
proportion of correctly predicted essays out of the total number predicted; recall indicates the proportion of 
correctly predicted essays out of the actual number of essays that should have been correctly predicted; the F1 
score is the harmonic mean of accuracy and recall, comprehensively reflecting system performance. In addition 
to these classification evaluation metrics, indicators such as mean squared error and root mean squared error 
can also be used to assess the degree of discrepancy between scoring results and human evaluations [75]. 

To objectively evaluate the performance of automatic essay scoring systems, several standard metrics are widely 
adopted, including accuracy, recall, and the F1 score. These can be mathematically defined as follows: 

 Accuracy = 𝑇𝑇𝑇𝑇+𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇+𝑇𝑇𝑇𝑇+𝐹𝐹𝐹𝐹+𝐹𝐹𝐹𝐹

 Recall = 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇+𝐹𝐹𝐹𝐹

 F1 = 2 ×  Precision × Recall 
 Precision + Recall 

  (4) 

where 𝑇𝑇𝑇𝑇,𝑇𝑇𝑇𝑇,𝐹𝐹𝐹𝐹 , and 𝐹𝐹𝐹𝐹  denote true positives, true negatives, false positives, and false negatives, 
respectively. These metrics provide a comprehensive view of the model's classification effectiveness. 

Evaluating the performance of automatic essay scoring systems involves the application of various quantitative 
metrics to assess the accuracy and reliability of scoring outputs. By employing standard measures such as 
accuracy, recall, and F1 score, researchers can systematically compare different models and approaches, thus 
ensuring the objectivity and scientific rigor of the evaluation process. A clear understanding of these evaluation 
metrics, as well as their mathematical definitions and interpretative value, is essential for both model 
development and result interpretation. To aid comprehension and support effective comparison, Figure 4 offers 
a visual summary of commonly used evaluation metrics in the context of automatic essay scoring. 
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Figure 4. Visualization of evaluation metrics (accuracy, recall, F1 score) used in automatic essay scoring. 

The presented metrics offer a standardized framework for assessing the effectiveness of essay scoring models, 
enabling objective comparison across different systems and methodologies. By incorporating measures such as 
accuracy, recall, and F1 score, the evaluation process becomes more transparent and scientifically rigorous. This 
figure emphasizes the necessity of multidimensional evaluation, as each metric captures a distinct aspect of 
system performance. Clear understanding and application of these metrics facilitate iterative improvements, 
guiding the development of more robust and reliable automated assessment tools. 

Experimental Design for Evaluation 

Before embarking on the evaluation of automatic essay scoring systems, it is crucial to establish a robust 
experimental framework that ensures both methodological rigor and replicability. The experimental setup 
should be aligned with the research objectives, accounting for the diversity of essay topics, writing styles, and 
language proficiency levels encountered in real-world educational settings. Standardizing the evaluation process 
not only facilitates fair comparison between different scoring models but also helps to mitigate potential biases 
arising from dataset imbalances or annotation inconsistencies. Moreover, a well-structured experimental 
protocol provides transparency in reporting, enabling other researchers to validate and extend prior findings. 
Careful consideration of these foundational elements lays the groundwork for meaningful performance 
assessment and supports the ongoing development of reliable automated essay scoring solutions. 

When conducting evaluation experiments, it is necessary to select an appropriate experimental dataset and 
partition it into training, validation, and test sets. The training set is used to train the scoring model, the 
validation set for adjusting model hyperparameters, and the test set for the final performance evaluation. 
Experimental design typically follows these steps: 

1) Experimental dataset selection and partitioning. Select a representative essay dataset covering diverse topics, 
styles, and proficiency levels, with corresponding human ratings for each essay; 

2) Data Preprocessing. Perform text cleaning, word segmentation, stemming, and other preprocessing 
operations on all essays to standardize formats and remove noise. Normalize human ratings to meet model 
training requirements; 

3) Feature Extraction. Extract lexical, syntactic, and semantic features from the preprocessed essays. Literature 
[60] has explored features such as lexical richness, lexical diversity, part-of-speech tagging sequences, sentence 
length distribution, and text similarity; 

4) Model Training and Validation. Train the scoring model using the training set, optimizing model parameters 
based on the selected algorithm. Evaluate model performance on the validation set, adjust hyperparameters 
according to evaluation metrics, and select the optimal model; 
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5) Model Testing and Evaluation. Assess the performance of the final selected model using the test set, calculate 
various evaluation metrics, and analyze the model's generalization capability and practical application 
effectiveness; 

6) Result Analysis and Optimization. Based on the evaluation results, analyze the model's strengths and 
weaknesses to identify areas for improvement. Address identified issues by further optimizing the model, such 
as adjusting feature extraction methods, refining the model architecture, or augmenting the training data. 

The empirical validation of automatic essay scoring systems necessitates a well-structured experimental design 
that encompasses data preparation, feature engineering, model training, validation, and performance analysis. 
By delineating each stage of the evaluation process, researchers can ensure methodological transparency and 
reproducibility, which are critical for advancing the field and building trust in automated assessment 
technologies. A detailed depiction of the experimental workflow helps clarify how data flows through the system 
and how each component contributes to the final evaluation outcomes. To provide a clear and comprehensive 
overview of these procedures, Figure 5 illustrates the standard experimental workflow employed in the 
evaluation of automatic essay scoring systems. 

 
Figure 5. Experimental workflow for evaluating an automatic essay scoring system. 

The depicted experimental workflow provides a comprehensive overview of the sequential stages involved in 
system validation, from data preparation to performance analysis. By systematically outlining each step, the 
figure ensures methodological clarity and reproducibility, which are fundamental for advancing research in 
automated essay scoring. This structured approach allows for the identification of variables affecting model 
performance and supports continuous optimization. Moreover, the workflow fosters a more transparent 
evaluation environment, promoting confidence in research findings and the real-world applicability of essay 
scoring systems. 

Conclusion 
This paper provides a comprehensive review of natural language processing-driven automatic essay scoring 
systems. It first introduces the fundamentals of natural language processing and its applications in text analysis, 
then elaborates on the architecture of automatic essay scoring systems, including preprocessing modules, 
feature extraction modules, and scoring model modules, while exploring evaluation methods for such systems. 
Research findings indicate that NLP technologies provide robust support for essay grading, enabling rapid and 
objective evaluation that enhances the efficiency and objectivity of essay assessment. However, challenges 
persist in this field, such as adaptability to diverse languages and writing styles, interpretability of scoring models, 
and optimization of system efficiency and performance. Future research should focus on enhancing model 
interpretability, optimizing system performance, and exploring cross-language and cross-domain applications to 
advance the broader adoption and development of automatic essay scoring systems in educational settings. 
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Furthermore, the integration of NLP-driven essay scoring systems into educational environments offers 
substantial benefits beyond efficiency and objectivity. These systems facilitate more consistent feedback for 
students, helping to identify strengths and areas for improvement in their writing. By leveraging a variety of 
linguistic features—ranging from lexical richness and grammatical accuracy to semantic coherence—automated 
scoring platforms can provide multi-dimensional assessments that mirror human evaluators' holistic 
perspectives. Importantly, such systems support teachers by reducing grading workloads, allowing greater focus 
on individualized instruction and pedagogical innovation. Despite existing limitations, the increasing 
sophistication of NLP methodologies holds promise for fostering fairer and more transparent evaluation 
standards, while also paving the way for adaptive learning technologies that cater to diverse learner needs. As 
the field evolves, fostering collaboration between computational researchers, educators, and linguists will be 
vital to ensure that automatic essay scoring solutions remain pedagogically sound, ethically responsible, and 
attuned to the dynamic landscape of educational assessment. 
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