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I. INTRODUCTION 
 

The history of education is characterised by changes 

brought about by new technologies and tools. The 

invention of the printing press revolutionised how 

people preserve and transmit knowledge, while the 

Internet transformed the accessibility of information. 

Today, Artificial Intelligence (AI) is poised to bring 

further changes to education. Among its sub-

disciplines, NLP is especially significant, since 

language is at the core of education and NLP 

systems analyse and understand human language 

using computational linguistics, machine learning, 

and cognitive science [13]. 

 

 In recent years, the development of transformer-

based architectures and language models, such as 

Bidirectional Encoder Representations from 

Transformers (BERT), has marked a significant step 

forward, as these models process context and 

capture word relationships more effectively than 

earlier systems [9], [10]. Thanks to these advances, 

many tasks previously performed manually, such as 

argumentation structure identification and 

sentiment analysis, became more amenable to 

computation. At the same time, the educational 

sector faced growing pressures from larger class 

sizes, increased online learning, and the demand for 

personalised instruction within teachers' limited 

time. NLP technologies address these challenges by 

enabling NLP systems to read and grade student 

essays, identify learners who have difficulty 

understanding the material, and deliver feedback at 

a scale that individual instructors cannot easily 

achieve. 

 

Among the existing NLP applications in education, 

Automated Essay Scoring (AES) is the most 

widespread. Essentially, the task is to train the 

computer to read the student's text and score it, 

taking into account features such as vocabulary 

range, grammar, argumentative structure, and the 

quality of expression [5]. Traditionally, AES systems 

used a rule-based approach with predetermined 

criteria. In modern times, the systems employ neural 

network approaches and learn evaluation patterns 

on a large corpus of graded texts. This provides more 
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capabilities but reduces the interpretability of the 

result, which is an important factor in education. 

 

Another application of NLP is the Intelligent Tutoring 

System (ITS), which serves as a computer tutor 

capable of holding meaningful conversations, 

identifying areas of misunderstanding, and adapting 

its explanations accordingly. The AutoTutor system 

demonstrates that it is possible to build an ITS that 

engages in natural-language dialogue with the user 

and provides adaptive tutoring [17]. These systems 

cannot fully replace the skilled human tutor, but they 

increase the availability of personalised tutoring. 

 

NLP is also applied in learning analytics, where it 

analyses learner-generated data and provides 

insight into the learning process. Learners' 

interactions on forums and in feedback forms leave 

a textual trace of their thinking, and NLP-based 

sentiment analysis is a powerful tool for determining 

students' levels of engagement, frustration, and 

difficulty with particular topics [4], [18]. The results of 

such analysis help educators make adjustments to 

curricula and instructional delivery. Despite these 

promising applications, NLP presents several 

challenges that merit serious consideration.  

 

Bias and unfairness in language models are 

persistent concerns, since these systems are trained 

on human-generated texts and tend to inherit biases 

toward particular writing styles, dialects, or cultural 

frames of reference [7]. In an educational context, 

this means that NLP systems can cause systematic 

disadvantages for certain groups of students. The 

lack of multilingualism is another limitation, as most 

advanced language models are trained 

predominantly on English-language texts, which 

restricts the applicability of NLP in multilingual 

educational settings [6]. Finally, when automated 

systems process student-generated texts, data 

privacy becomes a critical concern. The present 

paper addresses these issues through a theoretical 

analysis and proposes a conceptual framework for 

integrating NLP technologies into educational 

environments. Despite this progress, a unified 

conceptual framework integrating these capabilities 

within a coherent educational architecture remains 

absent from the literature, and it is precisely this gap 

that the present study seeks to address. 

 

II. LITERATURE REVIEW 

 
Research at the intersection of NLP and education 

has grown significantly over the last two decades, 

driven by rapid technological development and a 

growing demand for scalable, responsive 

educational systems. The following paragraphs 

summarise the main research lines and key 

applications of NLP in education, identify recurring 

challenges, and synthesise findings to show how the 

present study fits within the broader scholarly 

conversation. Automated Essay Scoring has been 

widely investigated in recent decades, since grading 

written work is time-consuming and lends itself to 

automation.  

 

The early AES systems utilised statistical models and 

linguistic features, such as sentence length, 

vocabulary variety, and the presence of discourse 

connectives, to predict scores [5]. These systems 

performed reasonably well on standardised tests 

with clearly stated scoring criteria and a narrow set 

of acceptable answers. However, it became evident 

that such approaches cannot be effectively extended 

to more complex essays evaluated for the quality of 

their arguments and originality. More recently, 

systems have employed machine learning 

approaches that learn evaluation patterns from large 

corpora of human-graded essays, thereby producing 

more consistent and nuanced predictions. Taken 

together, AES research demonstrates that while 

surface-level assessment is tractable for automated 

systems, deeper evaluative tasks require richer 

language representations, pointing toward the 

transformer-based approaches reviewed further 

below. 

 

The Intelligent Tutoring System is another important 

research line in NLP and education. The objective of 

the ITS is to develop an interactive, computer-based 

tutor that can engage in dialogue with the user, 

diagnose areas of misunderstanding, and provide 

appropriate explanations [17]. AutoTutor is one of 

the most studied systems, and it has demonstrated 

that dialogue-based tutoring is possible and can 
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achieve tangible learning gains. The NLP component 

of the ITS has to parse the user input, recognise if the 

user understands the material correctly and generate 

an appropriate response. All three goals have been 

achieved, but the existing systems are far from 

capable of imitating a skilful human tutor. These 

limitations point to a broader pattern in educational 

NLP research: individual systems are technically 

impressive but pedagogically incomplete, 

underscoring the need for integrated frameworks 

that situate such tools within a coherent theory of 

learning. 

 

Sentiment analysis and learner analytics are relatively 

recent yet rapidly developing research fields in 

educational NLP. With the rise of online education, 

universities collect large volumes of learner-

generated data, which can be used to identify 

learning patterns that would go unnoticed without 

NLP. Patterns such as clustering of frustration with a 

particular subject, decreases in engagement, or 

difficulties with particular topics can be identified by 

sentiment analysis [4], [18]. Such information helps 

adjust the curricula and the pace of instruction. Still, 

the analysis itself is quite challenging due to the 

text's sarcasm, cultural background, and informality. 

Together, these challenges suggest that sentiment 

analysis tools are most valuable when combined with 

other NLP capabilities and interpreted within an 

educational context that accounts for cultural and 

linguistic diversity, a principle central to the 

integrated framework proposed in the present study. 

 

The advent of the deep learning era marked a further 

shift towards recurrent and, later, convolutional 

neural networks for text classification and 

generation, enabling better performance on a range 

of NLP tasks [14]. However, this shift significantly 

reduced the interpretability of models, which is 

particularly important in educational contexts where 

accountability and explainability of assessment 

decisions are non-negotiable. The most 

consequential advance has been the transformer-

based language model, exemplified by BERT, which 

demonstrated that pre-training on large text corpora 

enables the development of rich language 

representations that perform well across multiple 

tasks with minimal task-specific data [9], [10]. In 

educational NLP, this has enabled the development 

of systems that perform well on specialised tasks 

such as automatic question generation or 

personalised feedback without requiring large, 

purpose-built datasets. Across these research 

strands, a common set of challenges recurs: concerns 

about bias and fairness in automated assessment, 

questions of data privacy, and the risk of reducing 

complex educational judgements to numerical 

outputs [7]. A further observation is that NLP tool 

development in education has consistently outpaced 

the development of pedagogical frameworks 

needed to use these tools well, leaving a conceptual 

gap that integrated frameworks, such as the one 

proposed in this study, are well-positioned to 

address [6]. 

 

III. RESEARCH GAP ANALYSIS 

 
Reading across the existing literature, it becomes 

clear that while there is no shortage of research on 

individual NLP applications in education, something 

important is missing. Studies tend to examine one 

application at a time: automated essay scoring in one 

paper, intelligent tutoring in another, sentiment 

analysis in a third. Each of these lines of inquiry has 

produced valuable knowledge, but the cumulative 

picture is somewhat fragmented. What the field 

currently lacks is a coherent framework that brings 

these pieces together and describes how NLP 

technologies can function as an integrated part of an 

educational system, rather than a collection of 

isolated tools [2], [3]. That is the gap this study sets 

out to address. 

 

Within the domain of automated essay scoring, the 

limitations of existing research are instructive. 

Studies have demonstrated that machine learning 

systems can reliably score essays on standardised 

tests, where the criteria are well-defined and the 

writing prompts are controlled [5]. But educational 

writing is rarely that tidy. Real students write across 

a wide range of genres, in response to open-ended 

prompts, and with varying degrees of command over 

the language of instruction. Existing AES systems 

struggle precisely where human judgement excels: in 

recognising an original argument, appreciating a 

well-chosen example, or understanding that a 
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grammatical irregularity reflects a student's 

multilingual background rather than a lack of 

understanding [6]. These are not minor edge cases; 

they go to the heart of what writing assessment is 

for. 

 

The situation with intelligent tutoring systems is 

similar. The best of these systems can engage in 

productive dialogue with a learner and provide 

targeted feedback that improves understanding [17]. 

What they typically cannot do is handle the full 

unpredictability of real student responses, maintain 

coherent and productive dialogue over an extended 

session, or explain to an educator why they gave the 

feedback they did. The black-box nature of machine 

learning models is particularly problematic here 

because educators and students have a reasonable 

expectation that assessment and feedback decisions 

can be explained and, if necessary, challenged. 

 

In the area of learner analytics and sentiment 

analysis, the gap is perhaps most evident in the 

disconnect between what systems can detect and 

what educators can actually do with that 

information. A system might flag a group of students 

as disengaged based on their discussion posts, but 

translating that signal into an effective pedagogical 

response requires contextual knowledge the system 

lacks [4], [18]. There is also a more fundamental 

question about whether the emotional and 

motivational states inferred from text are genuinely 

reliable or whether they reflect the biases of the 

training data and the cultural assumptions built into 

the model. 

 

The arrival of transformer-based models has raised 

the technical ceiling considerably, but it has not 

resolved the deeper questions [9], [10]. If anything, 

the opacity of large language models makes the 

explainability problem more acute. When an 

educator asks why a student received a particular 

automated assessment, the honest answer from a 

large neural network is essentially that it recognised 

patterns in the text that were statistically associated 

with similar scores in its training data, which is 

neither satisfying nor particularly useful in an 

educational context [7]. 

 

A further and underappreciated gap concerns the 

relationship between NLP research and educational 

theory. The development of computational tools has, 

by and large, been driven by computer scientists and 

machine learning researchers, and there is a risk that 

the educational assumptions embedded in these 

systems go unexamined. A system designed to 

evaluate writing quality, for example, implicitly 

embodies a theory of what constitutes good writing; 

a tutoring system embodies a theory of how learning 

happens. These theories should be explicit, 

scrutinised, and aligned with established 

pedagogical frameworks. The current literature 

suggests that this alignment is often absent, with 

technological development and educational 

thinking proceeding on largely separate tracks. 

 

Against this backdrop of fragmentation, limited 

integration with pedagogy, and unresolved 

questions about fairness and explainability, the 

present study situates its contribution. Rather than 

adding another single-application study to the pile, 

this paper offers a conceptual framework that 

attempts to describe how NLP components can work 

together within an educational system, and to do so 

in a way that keeps the needs of learners and 

educators, not just the capabilities of the technology, 

at the centre of the design. 

 

IV. COMPARATIVE ANALYSIS OF NLP 

TECHNIQUES IN EDUCATION 

 
However, not all NLP methodologies are equal or 

suitable for educational tasks, and it is vital to 

understand the differences among them before 

deciding which technology to use. Indeed, the field 

has undergone significant transformations over the 

past thirty years, shifting from rule-based models to 

statistical methods, and then to deep learning 

architectures. Each generation of models brought 

improvements but also added new challenges. 

 

The earliest NLP models developed for education 

relied on a rule-based approach. The linguistic 

features considered relevant for a given task had to 

be defined beforehand (e.g., specific grammatical 

structures, the occurrence of vocabulary related to 

the writing's topic, etc.), and the system checked the 
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writing against these rules [13]. One of the biggest 

advantages of such models was transparency; the 

reasons for assigning a given grade were obvious 

under the predetermined rules. However, their major 

disadvantage was a lack of flexibility. Language is 

extremely diverse and context-dependent, and it is 

challenging to build rigid rules that take all aspects 

into account; therefore, rule-based models are 

unable to process inputs that do not fit the patterns. 

 

Statistical methods sought to address this challenge 

by learning patterns from data rather than building 

them by hand. Term frequency-inverse document 

frequency (TF-IDF) weighting, n-gram models, and 

document clustering techniques enabled the 

detection of significant relationships between text 

features and their educational value [11]. These 

models were more flexible than rule-based systems, 

but they still required researchers to define the 

features to be extracted and could not capture deep 

semantic meaning. 

 

Deep learning marked a revolution in the field by 

enabling the learning of language representations 

from plain text without predefined features. 

Recurrent and convolutional neural networks 

demonstrated that complex models could learn 

intricate relations in language from training data 

[14]. Despite the impressive results, the problem of 

interpretability has worsened. Deep learning models 

are highly sophisticated approximators, and 

understanding the reasons behind certain outputs is 

quite difficult. 

 

The transformer architecture, introduced in 2017 and 

successfully adopted by models such as BERT [9], 

[10], became another landmark. The main advantage 

of the model was its attention mechanism, which 

allows it to analyse the relevance of each word to 

other words in the sentence. This led to a significant 

improvement in the text's contextual understanding, 

which was especially important in educational 

writing, since sentence meaning often relies heavily 

on prior context. Practically speaking, the most 

important contribution of transformers was the 

concept of transfer learning, the ability to pretrain a 

model on a large, general corpus and then fine-tune 

it for a specific educational task with less data. 

 

Graph-based NLP models follow an entirely different 

paradigm. They consider language a graph of 

relationships between concepts and entities, 

enabling knowledge extraction and semantic 

modelling [12]. The point of view is quite useful in 

educational applications, as it helps develop models 

that understand the subject matter's conceptual 

structure, compare the learner's knowledge structure 

with the knowledge model, and pinpoint specific 

problems and misconceptions. Table 1 presents the 

comparison of these methods. 

Table 1: Comparison of NLP Techniques Used in Educational Applications

NLP Technique Key Characteristics Educational 

Applications 

Limitations 

Rule-based NLP Uses handcrafted 

linguistic rules 

Grammar checking, basic 

text analysis 

Limited scalability; 

fragile with unexpected 

input 

Statistical NLP Probabilistic models and 

feature engineering 

Text classification, 

document analysis 

Requires labelled data; 

shallow semantics 

Machine Learning NLP Supervised and 

unsupervised learning 

algorithms 

Automated essay scoring, 

sentiment analysis 

Needs feature 

engineering; large 

annotated datasets 

Deep Learning NLP Neural networks learn 

hierarchical language 

representations 

Text summarisation, 

feedback analysis 

High computational cost; 

low interpretability 
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Transformer-based NLP Context-aware attention 

mechanisms; transfer 

learning 

Conversational tutoring, 

question answering, 

personalised feedback 

Requires large resources; 

opacity of outputs 

What is clear from the above comparison is that 

technological advancements and usability in 

education do not necessarily go hand in hand. The 

most advanced systems are usually the most 

complex to explain, hence presenting a real 

challenge in cases where clarity is necessary. 

Therefore, choosing the right NLP technology to 

apply in education should not just be about finding 

the one that performs the best in benchmarks; it 

should also involve checking whether it is capable of 

being accounted for, whether it works fairly for all 

the learners, and whether the results will make sense 

to the educators and learners. 

 

V. METHODOLOGY AND PROPOSED 

SYSTEM DESIGN 
 

The current study neither implements an empirical 

test nor applies it to any practical case study. Instead, 

it follows a theoretical approach, synthesising 

existing literature to develop a logical model of how 

NLP may be designed for an educational 

environment. The purposeful decision is made in 

recognition that what the industry needs now is not 

another separate instrument, but rather a conceptual 

framework for how these elements might be 

combined. The current system design suggests a 

multi-stage NLP structure in which learners' text is 

processed through several steps to extract 

educationally valuable information. 

 

Data Acquisition and Input Layer 

The process starts with textual data. Modern 

educational systems provide a massive amount of 

text in the form of submitted essays, examination 

responses, discussion forum entries, reflective 

journals, feedback forms, and other text data. This 

layer of the proposed system concerns the 

acquisition and initial structuring of data. It is 

important to note that different data sources convey 

different signals from an educational perspective: 

the essay demonstrates the learner's understanding 

of a particular topic; discussion posts can indicate 

engagement or misunderstanding; the course 

evaluation form reflects the learner's perception of 

the learning environment. Research in educational 

data mining has shown that the joint analysis of such 

heterogeneous text inputs yields a more 

comprehensive picture of the learner than the 

analysis of a single input [15], [18]. 

 

Text Preprocessing and Linguistic Analysis 

Raw text is very noisy. Before the analysis can be 

performed, text should be cleaned and structured, a 

process called text preprocessing. This layer 

comprises the sequence of standard linguistic 

operations that together convert raw text data into 

representations suitable for machine learning 

algorithms. The usual pipeline starts with 

tokenisation, splitting of continuous text into words 

or other units; continues with removing stop-words, 

i.e., the most frequent words that do not carry much 

semantic meaning; applies 

stemming/lemmatization, reducing words to their 

stem form; and includes part-of-speech tagging and 

dependency parsing that help to determine the 

grammatical structure of the sentence [13]. Although 

the above-mentioned steps may seem conventional, 

poor preprocessing will adversely affect the 

performance of even the most sophisticated models 

later on. Thus, reaching methodological rigour at this 

stage becomes the essential foundation of any NLP 

application. 

 

Feature Extraction and Representation 

After preprocessing, the next issue is converting the 

text data into a numerical format for use in machine 

learning. The early approaches used rather naive 

representations of data, such as TF-IDF or n-gram 

counting, that could not account for the contextual 

meaning of words [11]. With the emergence of word 

embeddings and, more recently, contextual 

embeddings (BERT and other transformer-based 

models), a significant step forward was taken [9]. The 

contextual embeddings encode not only the word 
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but its meaning in the particular sentence, an 

important point in determining if the learner used 

the words because they understood their meaning 

or just knew them superficially. 

 

Machine Learning and Deep Learning Layer 

With a rich numerical representation of data, the 

system can perform analytically meaningful tasks. 

This layer comprises machine learning or deep 

learning models depending on the particular task. In 

case of automated essay scoring, supervised 

learning models are trained on human-graded 

essays to predict the score of the new submission [5]; 

for sentiment analysis, classification models learn to 

differentiate positive, negative and neutral 

responses in the learner feedback [4]; for more 

complex conversational tasks, transformer models 

generate context-appropriate and pedagogically 

useful responses [9], [10]. The main thing is that this 

layer acts like a toolbox; the best model for a 

particular educational task is chosen. 

 

Educational Intelligence and Analytics Layer 

Machine learning outputs are not educational 

insights per se; they are the predictions, 

classifications or scores that need interpretation with 

respect to educational goals. This layer converts 

computational outputs into information useful for 

educators or educational systems. Automated scores 

serve as diagnostic signals of areas where. 

 

the student requires development; sentiment 

classification signals the need for additional support; 

patterns discovered in discussion forum entries may 

indicate that a topic needs to be retaught. The 

transition from computation to pedagogy is the 

most intellectual challenge in system design and 

requires close cooperation between NLP researchers 

and educationalists [2], [3]. 

 

Pedagogical Output and Feedback Generation 

interact with the system's users. They are feedback 

and recommendations generated and sent to 

learners and instructors. It may be in the form of 

comments on the essay, questions from the 

dialogue-based tutoring system, alerts on the 

instructor dashboard, and personalised reading 

recommendations. The quality of these outputs 

depends not only on the previous stages of system 

processing but also on decisions about 

communication strategies that are encouraging, 

clear, and genuinely helpful [17]. A technologically 

advanced system that communicates its outputs in a 

way that confuses or demotivates learners fails to 

achieve its goal. 

 

Ethical and Practical Considerations 

Beyond technical considerations, some other aspects 

are important for all layers of the system. Firstly, it is 

a problem of bias: if models are trained on data that 

overrepresent certain student groups, dialects, or 

writing styles, the system's outputs will reflect these 

biases, leading to inequitable treatment of 

underrepresented students [7]. The privacy issue is 

no less important: student texts constitute sensitive 

data, and the institution is responsible both legally 

and ethically for their proper management. And 

finally, the explanation of the outputs is necessary: 

for students who may disagree with the automated 

assessment and for instructors who need to know 

what model the tool applies [6]. 

 

Workflow of the Proposed NLP-Based 

Educational System 

To summarise, learner-generated text data is 

collected from educational platforms and structured 

by source and text type. After that, the text 

undergoes preprocessing and linguistic 

normalisation and is converted into rich numerical 

representations using the feature-extraction 

technique. Machine learning models process the 

obtained representation, yielding predictions and 

classifications useful for learning. The educational 

intelligence layer interprets these computational 

outputs, turning them into pedagogically 

meaningful insights that are communicated to the 

students and instructors as feedback and 

recommendations. This workflow cannot be 

considered a processing pipeline; it is a cyclic 

process in which new batches of student texts 

improve the system's knowledge of learners. 

 

VI. PROPOSED CONCEPTUAL 

FRAMEWORK FOR NLP INTEGRATION 

IN EDUCATIONAL SYSTEMS 
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The concept of a conceptual framework has its 

special place in theoretical research. It helps to 

explicitly show structural relations between ideas 

that might otherwise be implicit. The proposed 

framework is not a blueprint for the software, but a 

conceptual tool that allows us to organise the 

different components of NLP-based educational 

technology and examine their connections and 

relationships to educational goals. The framework is 

based on the assumption that modern educational 

systems generate continuous streams of learner-

generated textual data, an unused source of valuable 

information about learning [1], [13]. 

 

Conceptual Structure of the Framework 

The framework structures the information flow inside 

an NLP-enabled educational environment into four 

interconnected components. The first one, the 

Educational Textual Data Sources layer, includes the 

different textual outputs generated by learners in 

digital platforms. The second component, the 

Natural Language Processing Layer, comprises the 

processing and interpretation of this raw text data 

using computational methods. The Analytical 

Intelligence Layer uses machine learning models to 

derive educationally meaningful insights from 

processed data. Finally, the Pedagogical Application 

Layer is the fourth component comprising the 

process of translating these insights into actions that 

support teaching and learning. The value of the 

framework lies not in its individual components but 

in their interrelations and connections. 

 

Educational Textual Data Sources 

Text data are constantly generated by learners in 

digital learning environments; however, students do 

not realise that their outputs become data. 

Submissions, discussion forum entries, formative 

assessment responses, and end-of-module feedback 

forms represent the textual traces of the learning 

process. Individually, each piece of text provides only 

partial information. Still, when carefully analysed, 

these textual interactions can collectively reveal 

patterns of engagement, comprehension, and 

motivation that are not evident to the educator [15], 

[18]. This layer of the framework is considered an 

active, constantly generating source of educational 

signals. 

Natural Language Processing Layer 

This second component of the framework launches 

the computational processing. Raw text from the first 

layer is processed using a range of NLP techniques 

to extract structured information from unstructured 

input. At least the previously discussed 

preprocessing operations, such as tokenisation, 

stop-word removal, lemmatisation, part-of-speech 

tagging, and syntactic parsing, are used. But also, 

more advanced semantic analysis techniques are 

used to obtain rich representations of meaning, not 

only of the text's content. Modern transformer 

models (e.g., BERT) are especially suitable for this 

purpose due to their attention mechanisms, which 

provide context-sensitive representations that 

reflect how meaning changes with the combination 

of lexemes [9]. The output of this layer is the 

structured representation of learner work ready for 

analysis. 

 

Analytical Intelligence Layer 

The third component of the framework generates 

outputs relevant to educational decision-making. 

Machine learning models trained on labelled 

educational data can classify writing quality, detect 

the emotional tone in discussion posts, identify 

misunderstandings in examination responses, and 

discover thematic patterns in large collections of 

student-generated text [4], [5]. These models 

recognise patterns associated with certain 

educational states in the training data. 

Consequently, the diversity, fairness, and educational 

validity of the training data are the prerequisites of 

the efficient operation of this layer. 

 

Pedagogical Application Layer 

The fourth component establishes the connection 

between computational mechanisms and the 

educational experiences of learners and instructors. 

Previously generated insights are to be translated 

into action: feedback useful to students, alerts that 

prompt the instructor's timely intervention, and 

resource recommendations that guide the learner to 

the appropriate materials. Intelligent tutoring 

systems engaging learners in conversation, 

automated feedback tools commenting on essay 

drafts, and dashboards giving instructors a global 

view on engagement patterns are examples of 
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applications at this layer [17]. But the important 

point is that educational principles, not 

technological opportunities, should guide the design 

of these applications. The key issue is not the variety 

of outputs but their utility in facilitating student 

learning. 

 

Conceptual Framework Diagram 

The relationships among the four components 

mentioned above are illustrated in Figure 1, showing 

the sequence from the raw learner text through 

processing, analysis, and pedagogical application. 

 
 Figure 1. Conceptual framework for the integration 

of NLP technologies in educational systems. 

 

Implications of the Framework 

The model possesses descriptive and prescriptive 

merit. In terms of its descriptive nature, the model 

provides a way to place contributions within the 

individual research category: a study on AES will fall 

into the analysis intelligence layer. In contrast, a 

paper on feedback design falls into the pedagogical 

application layer and thereby helps us understand 

what literature exists and where the gaps lie. On the 

prescriptive front, the model allows us to see what 

kind of research and development is needed in this 

field: it is not just about creating tools in isolation, 

but rather it needs to have more focus on the 

interfaces between the layers, and also collaboration 

between the computer scientists who develop the 

processing/analysis elements and educators who 

know about the pedagogical application layer needs 

[2], [3]. 

 

VII. FUTURE RESEARCH DIRECTIONS 
 

The analysis presented in this study points toward 

several directions that future research should pursue. 

These are not minor technical refinements but 

substantive shifts in how the field approaches 

integrating NLP into education, shifts that require 

engagement from researchers across computer 

science, pedagogy, ethics, and policy. 

Perhaps the most pressing need is for research that 

bridges the gap between NLP capabilities and 

established pedagogical theory. Frameworks 

guiding good teaching practice, including 

constructivist learning theory, formative assessment 

principles, and student-centred instructional design, 

have largely been developed independently of the 

computational tools now being built to support 

them. Future studies should explicitly seek to align 

NLP system design with these frameworks, 

examining not only whether a system can classify 

student writing accurately, but also whether the 

evaluative criteria it applies reflect a coherent and 

educationally defensible theory of learning [1], [3]. 

Closely related to this is the need for integrated 

systems research. Most existing work examines a 

single NLP application in isolation, whether 

automated grading, tutoring, or sentiment analysis, 

without considering how these components might 

interact productively within a larger educational 

system [4], [5].  

 

Research that develops and evaluates unified NLP 

architectures that combine multiple capabilities 

would yield insights of far greater practical value, 

even if it requires longer timescales and more 

interdisciplinary teams. 

The explainability of NLP models also demands 

dedicated research attention. The most capable 

transformer-based systems are currently among the 

least interpretable, creating a genuine barrier to their 

adoption in educational settings where 

accountability to students and teachers is not 

optional [9], [10]. Developing methods for producing 

accurate, comprehensible, and educationally 

meaningful explanations of model outputs is a 

significant research challenge, but one that is 

essential if these tools are to be trusted and used 

responsibly. Alongside this, multilingual and 

multicultural adaptability must become a 

mainstream concern rather than a niche 

specialisation. The concentration of NLP research 

and development in English-language contexts is 

well documented [7], and its consequences for 

students learning in other languages are real. 

Research into low-resource NLP techniques, cross-
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lingual transfer learning, and the cultural dimensions 

of educational language use should therefore be 

prioritised. 

 

Finally, the ethical and governance dimensions of 

educational NLP deserve sustained attention as a 

core component of system design rather than an 

afterthought. Questions about who controls student 

data, how consent is obtained and managed, how 

algorithmic decisions can be challenged, and how 

institutions can be held accountable for the systems 

they deploy are all legitimate and pressing concerns 

[6]. The development of practical ethical frameworks 

and governance models, informed by both technical 

expertise and educational values, is a necessary 

accompaniment to the technical progress the field 

continues to make. 

 

VIII. CONCLUSION 
 

The starting point of this paper was the 

understanding that language lies at the very core of 

education, and that Natural Language Processing is, 

at its core, a science concerned with extracting 

computational meaning from language. The 

connection between these two fields is neither 

coincidental nor trivial, and the evidence reviewed in 

this study demonstrates that it warrants serious 

scholarly attention. The study found that NLP has 

already demonstrated genuine value in educational 

contexts, particularly in automated essay scoring, 

intelligent tutoring, and learner analytics, and that 

recent advances in deep learning and transformer-

based architectures have substantially extended 

what these applications can achieve. A conceptual 

framework was proposed to describe how these 

capabilities can be organised within an integrated 

educational system, moving from data collection 

through linguistic processing, machine-learning 

analysis, and pedagogical application in a coherent, 

educationally grounded pipeline. At the same time, 

the challenges identified in this study are real and 

significant: algorithmic bias, limited multilingual 

capability, opacity of model outputs, and the ethical 

responsibilities surrounding student data cannot be 

resolved through technical innovation alone and 

require active collaboration among educators, 

ethicists, policymakers, and students. A key 

limitation of the present study is its theoretical 

nature; the proposed framework has not yet been 

empirically validated, and future work should test its 

assumptions through practical implementation and 

evaluation in real educational settings. The study 

therefore concludes not with a claim that NLP will 

transform education on its own terms, but with the 

more measured proposition that it can make a 

meaningful contribution to that transformation, 

provided its development is guided by a genuine 

commitment to educational values alongside 

technical ambition. 
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