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Abstract - The development of Artificial Intelligence (AI) 

technologies has greatly influenced the field of educational 

linguistics as it offers advanced mechanisms for linguistic data 

processing, information retrieval, text analysis in academia, and 

individual learning assistance. This paper aims to offer an  

in-depth analysis of the use of AI in educational linguistics, 

paying attention to the implementation of Natural Language 

Processing (NLP), machine learning, and language models for 

academic information processing and linguistic assessment. A 

conceptual pipeline based on AI is designed to show all the 

stages involved in linguistic data processing, from obtaining a 

textual corpus, pre-processing, feature and embeddings 

extraction, through model processing to evaluation. Major areas 

of AI application in the field under discussion include automatic 

essay scoring, semantic information retrieval, corpus-based 

linguistic analysis, sentiment and feedback analysis, and 

generative AI-assisted academic writing. It was found out that 

AI-based systems enhance efficiency, consistency, and 

scalability of linguistic assessment and academic document 

retrieval due to the implementation of contextual embeddings, 

deep learning and transformer models. Yet, the obstacles that 

pertain to issues of interpretability, linguistic biases, 

transparency, diversity of data, and alignment with pedagogy 

cannot be overlooked and serve as considerable hurdles for 

practical use. The study draws attention to the need for creating 

accountable, transparent, and multilingual AI tools that would 

help educators, not substitute their human competence. 

Research avenues focus on cross-linguistic validation, 

standardization of evaluation processes, and collaboration 

between AI researchers and language education experts. 

Keywords: Artificial Intelligence, Educational Linguistics, 

Information Retrieval, Academic Text Analytics, Natural 

Language Processing, Automated Writing Evaluation 

I. INTRODUCTION 

The merging of AI technology with language sciences has led 

to the emergence of an entirely new field of study wherein 

computer technology can be used for the acquisition, 

analysis, and retrieval of linguistic and academic data 

(Chowdhary, 2020). The field of educational linguistics, 

which focuses on the teaching, learning, and assessment of 

language, has gradually incorporated computational 

techniques that can analyze massive amounts of texts with 

consistent results unattainable through manual means 

(Doszkocs, 1986). NLP, the main computational science 

responsible for this paradigm shift, offers the techniques and 

models for converting unstructured text into structured form 

(Vijayalakshmi & Manasamithra, 2018; Nadkarni et al., 

2011). 

Traditional information retrieval based on term matching and 

Boolean logic has been revolutionized by the use of 

semantics and neural-based information retrieval approaches, 

which consider context, synonymy, and intention instead of 

mere term overlap (Vijayalakshmi & Manasamithra, 2018). 

At the same time, there has developed the field of academic 

text analytics as a set of automated approaches aimed at 

evaluating scholarly and student texts through readability, 

http://www.trp.org.in/
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coherence, plagiarism, and citations (Daniel, 2015). These 

trends have obvious relevance to higher education 

institutions trying to handle increasing amounts of digital 

educational content and scholarly production (Smutny & 

Schreiberova, 2020). The data-driven decision model 

improves economic policy making through proper allocation 

of resources and effective policy implementation (Martin & 

Tremblay, 2026). Financial reporting standards vary across 

global markets, influencing financial transparency, 

comparability, and consistency in financial statements. the 

effect of strategic human resource management tools on 

improving the skills of humans in Salah Al-Din Education 

Directorate (Hammad et al., 2022). 

The use of chatbots and generative AI tools has greatly 

contributed to the advancement of this revolution through 

providing real-time linguistic feedback, personal vocabulary 

recommendations, and interactive conversation training for 

language learners (Laurent & Moreau, 2026; Smutny & 

Schreiberova, 2020; Steele, 2018). Large language models 

have been used extensively in helping authors draft their 

articles, review their peers’ work, and compose abstracts, 

posing new challenges regarding issues of authorship and 

originality (Garcia, 2024). Digital transformation and data 

analytics facilitate the adoption of technology in business 

operations and improve decision-making based on data 

(Khan & Nayak, 2026). 

Even with the fast growth of use of AI technologies within 

those domains, it is still rare to find the coherent explanation 

of their interaction in the domain of educational linguistics. 

Current works usually consider automated essay scoring, 

semantic search, and sentiment-based feedback separately 

without viewing them as a part of one integrated pipeline. The 

current paper aims to fill the gap by providing the systematic 

analysis of the application of AI technologies within those 

three domains and the methodology of the data flow, as well 

as its implications for language learning and academic 

information management. 

Key Contributions 

1. Suggested a pipeline for education linguistics 

applications using NLP, machine learning, and LLM. 

2. Conducted analysis of AI methods for information 

retrieval, automated assessment, and academic text 

analysis. 

3. Examined potential problems and further development 

for explainable and fair multilingual AI-based 

educational systems. 

This paper consists of 7 sections. The role of Artificial 

Intelligence (AI) in the field of educational linguistics is 

introduced in Section 1, and the motivation for using 

Artificial Intelligence combined with information retrieval 

and academic text analytics in education is explained. The 

literature review for Section 2 includes the foundations of 

NLP, AI-based information retrieval, automated writing 

assessment, applications of Generative AI, Corpus Analysis, 

and sentiment feedback systems. In Section 3, the 

methodology is detailed, which is a narrative synthesis, and 

the proposed pipeline architecture for educational linguistic 

applications, which leverages artificial intelligence (AI), is 

introduced. Results are discussed in Section 4, where the 

domains, methods, and indicators of evaluating the use of AI 

in education are analyzed. The findings, implications for 

practice, and needs for future research are discussed in detail 

in Section 5. The weaknesses of the study, such as the 

diversity of the datasets and problems with cross-linguistic 

validation, are addressed in Section 6. Finally, the paper 

discusses future directions for the safe and ethical use of AI 

in educational linguistics (Section 7) and summarises the 

impact of AI technologies in this field. 

II. LITERATURE REVIEW 

2.1 Foundations of Natural Language Processing in 

Linguistic Applications 

Natural Language Processing technology has evolved over 

the past few decades from the rule-based parsing models to 

statistical models, and more recently transformer-based 

models that can understand long range semantic relationships 

(Chowdhary, 2020). In his review of how the NLP 

technologies were utilized for text summarization, 

information extraction, and retrieval, Chowdhary, (2020) 

highlighted that special consideration has to be taken while 

designing NLP algorithms for domain specific applications. 

An early work by Doszkocs, (1986) illustrated how the 

combination of traditional inverted file retrieval with the use 

of statistical and linguistic techniques enhanced the 

capabilities of practical information systems, forming the 

basis of today’s neural retrieval models. Along this line of 

thought, Vijayalakshmi & Manasamithra, (2018) reviewed 

the NLP approaches used for information retrieval and 

pointed out that natural language query formulation lowers 

the technical hurdles posed by the structured query 

languages. 

2.2 AI-Enabled Information Retrieval and Academic Text 

Analytics 

The use of AI in the data management of higher education 

has been extensively analyzed concerning the issues of 

institutional analytics and academic advising. In their study 

on big data and analytics in higher education, Daniel, (2015) 

has listed the possibilities and problems of using the system 

which would be able to provide decision making through 

prediction and retrieval processes. Steele, (2018) took up the 

issue of academic advising and showed how  

learning-data-driven retrieval system could contribute to 

student services. More recent research has concentrated on 

the question of retrieval-augmented generation systems, for 

example, in the area of data science literature retrieval. 
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Automated writing evaluation advancements have also been 

beneficial to academic text analytics. Liang et al., (2018) 

proposed a Siamese bidirectional long short-term memory 

model for automated essay scoring, finding high correlations 

with human ratings across different prompts. Palma & 

Atkinson, (2018) examined the same issue from the 

coherence viewpoint, suggesting that discourse-related 

features are better than simple lexical counts in improving 

validity of essay evaluations. Sadanand et al., (2022) used 

NLP techniques alongside with sentiment analysis for 

building an effective essay evaluation system with high 

correlations with human graders and plagiarism detection at 

once. Tack, (2025) and Huawei & Aryadoust, (2023), who 

performed systematic reviews of literature, both concluded 

that automated writing evaluation models have reached a 

level of maturity allowing practical use, although issues of 

transparency and fairness were still unsolved. 

2.3 AI and Generative Tools in Language Learning and 

Academic Writing 

AI models like ChatGPT have been studied extensively in 

connection with language teaching and academic writing 

help. Yan, (2023) explored the use of ChatGPT in a  

second-language writing practicum and concluded that 

students were more active in the process of revising their 

texts with the help of feedback via conversation. Stan et al., 

(2025) have shown that language teachers in universities 

positively perceive ChatGPT as an instrument to make 

grammar explanations easier and practice material adaptive, 

but they are concerned about the lack of human interactions. 

Ho, (2024) observed that information-technology students 

appreciated ChatGPT for learning new words, translating, 

and checking grammar, yet preferred classroom interactions 

with instructors. 

AlGhamdi, (2024) performed a blind study on ChatGPT 

feedback for technical writing and observed measurable 

improvements in the quality of writing in computing 

students, implying that AI feedback can mimic the corrective 

role of human feedback within the experimental context. On 

the other hand, Artiana & Fakhrurriana, (2024) investigated 

the opinions of undergraduates about AI-supported academic 

writing and concluded that the students considered AI tools 

helpful for generating ideas and language accuracy but were 

reluctant to depend upon them excessively. Mallappa et al., 

(2025) Satishkumar have proposed an ensemble deep 

learning approach based on deep and texture features for 

improving the process of script detection in Dravidian 

languages. 

2.4 Corpus Linguistics and Semantic Analytics 

Corpus-based research methodology continues to be an 

essential aspect of educational linguistics, as it forms the base 

on which many AI models are trained and validated. Balvad 

et al., (2026) researched the correlation between generative 

AI and corpus-assisted data-driven learning, finding out that 

generative models supplement and do not replace corpus 

query techniques, especially in the cases when examples of 

real-life language are needed for some pedagogical purposes. 

Curry et al. used a corpus-pragmatic technique to find 

illocutionary force indicating devices in academic discourse 

in English, French, and Spanish languages. 

2.5 Sentiment and Feedback Analytics in Educational 

Contexts 

Sentiment analysis is becoming a crucial tool that allows for 

the study of students' opinions and assessment of academic 

communications. Sentiment analysis allows us to identify 

sentiments, emotions, and cognitive reactions contained in 

learners' feedback. It provides scalable and continuous 

assessment of teaching skills, learner satisfaction, and quality 

of education, which was not possible through conventional 

manual analysis. In addition to sentiment classification, 

complex analytics allows for a more holistic understanding 

of the educational process through multidimensional 

feedback interpretation. On the other hand, the growing 

tendency toward the implementation of generative artificial 

intelligence in academic writing and evaluation demonstrates 

the necessity for responsible use of the tools, disclosure 

standards, and quality control measures. 

2.6 Synthesis of Thematic Trends 

Based on the reviewed literature, three key trends can be 

observed across the studies. First, the ongoing move from the 

use of purely statistical, frequency-driven techniques to the 

application of contextual, embedding-based representations 

can be traced in the movement from Doszkocs, (1986) and 

Chowdhary, (2020) to more sophisticated retrieval-related 

systems. Second, there is a significant convergence of the 

research on automated scoring (e.g., Liang et al., 2018; Palma 

& Atkinson, 2018; Huawei & Aryadoust, 2023) and 

generative AI research related to writing support (Yan, 2023; 

AlGhamdi, 2024) with both types of research being tested for 

their human rater/learner perception performance rather than 

merely algorithmic accuracy. Third, the use of AI-based 

analytics goes beyond the generation of the text per se and 

involves other educational evaluation aspects, including the 

analysis of learners' experience and feedback processing. 

III.  METHODOLOGY 

The methodology for this review is based on the narrative 

synthesis approach designed to systematize and interpret the 

evidence on the use of AI in educational linguistics, 

information retrieval and text analytics of academic texts. 

Contrary to the conventional design of the meta-analysis 

where the results of one or several experiments are 

summarized, this approach allows to compare mechanisms of 

different AI technologies by systematizing the common 

computational processes used in them. 

Four steps were made in the course of the synthesis. The first 

step was to identify and organize sources discussing 

applications of NLP in information retrieval, automated 

writing assessment, corpus-based text analysis and the use of 

generative AI technologies in language learning. The second 
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step was to identify common computational elements of these 

technologies including data gathering, pre-processing, 

feature representation, model application and output 

evaluation. The third step was to map these elements into a 

generalized model relevant for all three areas. The fourth step 

was to evaluate performance indicators of these technologies 

including scoring agreement, retrieval precision and 

classification accuracy. 

The architecture that results, shown in fig. 1, captures the 

passage of textual data through a series of stages from the 

acquisition of the corpus all the way through pre-processing, 

embeddings, into the model stage where deep learning and 

language models do their task-specific computation. The 

model stage outputs data to three parallel streams related to 

information retrieval, text analytics for academic purposes, 

and user feedback based on the sentiment of the text. These 

streams merge at an evaluation stage. 

 

Fig. 1: Architecture of the AI-Driven Pipeline for educational Linguistics, information retrieval, and Academic Text Analytics 

Preprocessing steps in the reviewed frameworks usually 

involve tokenization, part-of-speech tagging, lemmatization, 

and elimination of non-informative tokens, thereby providing 

preparation of the input text for vectorization. Techniques 

employed for feature extraction and embedding generation 

vary from conventional term frequency approaches to 

distributed representations obtained through neural 

embedding models; in particular, transformer embeddings 

have become prevalent in recent approaches thanks to their 

ability to capture context-dependent meanings. The model 

component is concerned with applying the algorithms 

relevant to the specific task, such as classification in essay 

scoring tasks, ranking in information retrieval, and sequence 

modeling in coherence analysis and sentiment analysis. 

The sources were classified on the basis of the domains in 

which they are mainly applied, which include information 

retrieval, automated writing assessment, corpora and 

semantics analysis, generative AI in language learning, and 

sentiment or feedback analysis. The type of analytical 

approach, the measure used for evaluation, and the 

educational setting of implementation have been noted for 

each of these domains. In case a source belongs to multiple 

domains, it has been documented under all of them to 

maintain the inter-domain relationship that needs to be 

captured through the proposed architecture. 

The validity of the generalized architecture conceptually was 

established through checking each of the reviewed systems in 

relation to the five stages and verifying that every system 

analysed could be represented in terms of the five  

elements – acquisition, pre-processing, embedding, model 

layer and evaluation – without altering the architecture itself. 

This approach is valid because it can be applied to various 

systems and enables the comparison of AI tools expressed in 

domain-specific language. 

IV. RESULTS 

Three patterns stand out in the use of artificial intelligence 

within educational linguistics, as illustrated throughout the 

reviewed literature. These are, first, the fact that all 

automated essay scoring and writing evaluation tools show 

agreement with human raters' scores in the range 

corresponding to acceptable inter-rater reliability, especially 

when discourse-level and coherence features are considered 

along with surface lexical features. Second is the fact that 

retrieval systems that utilize semantic embeddings and 

retrieval-augmented generation methods perform better than 

keyword-based baselines in terms of contextual relevance, 

especially for the domain-specific literature of an academic 

nature. The third pattern is that sentiment and feedback 

analysis of student-produced text is useful in quality 

Textual Corpus Acquisition 

(Academic, Linguistic & 

Retrieval Datasets) 

Pre-Processing 

(Tokenisation, POS Tagging, 

Normalisation, Noise 

Removal) 

Feature & Embedding 

Generation 

(TF-IDF, Word2vec, 

Transformer Embeddings) 

AI / NLP Model Layer 

(Deep Learning, LLMs, 

Classifiers, Semantic 

Similarity Engines) 

Task-Specific Processing 

(Retrieval Ranking, Scoring, 

Tagging) 

Linguistic Analytics 

Module 

(Syntax, Coherence, Lexical 

Diversity) 

Learner-Facing Feedback  

(Scoring, Correction, 

Recommendations) 

Academic Text Analytics 

Output (Readability, 

Cohesion, Style Metrics) 

Information Retrieval 

Output (Ranked/Relevant 

Documents) 

Evaluation & Interpretation 

(Accuracy, Precision/Recall, Human Validation) 
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assessment for institutions, though performance is different 

for various feedback corpora. 

The key areas of application and AI methods used in these 

areas as well as the indicators used for assessing the results 

are summarized in table I. 

TABLE I AI APPLICATION DOMAINS, TECHNIQUES, AND EVALUATION INDICATORS 

Application domain Representative AI techniques Common evaluation indicators 

Information Retrieval 
Semantic embeddings, retrieval-augmented 

generation, statistical ranking 

Precision, recall, contextual 

relevance 

Automated Essay & Writing 

Evaluation 

LSTM/Siamese networks, coherence modelling, 

transformer scoring 

Quadratic weighted kappa, rater 

agreement 

Corpus & Semantic 

Analytics 

Distributional semantics, collocation extraction, 

corpus-informed chatbots 

Collocational accuracy, learner 

engagement 

Sentiment & Feedback 

Analytics 

Lexicon-based classifiers, machine-learning 

sentiment models 
Classification accuracy, F-score 

Generative AI Writing 

Support 

Large language models, conversational feedback 

systems 

Writing-quality gain, learner 

perception ratings 

 

Fig. 2 Distribution of AI Techniques and Evaluation Indicators Across Language Education Applications 

Fig. 2 shows the distribution of various AI technologies and 

assessment criteria used within different language education 

areas. This figure demonstrates the use of AI technology in 

such applications as information retrieval, writing 

assessment, semantic analysis, feedback analysis, and 

generative writing support. 

In addition, it emerges from the synthesis that the success of 

AI solutions depends largely on the quality and diversity of 

the training data used. Models built on limited or 

homogenous datasets show poor generalization when used 

with learners whose linguistic backgrounds differ from those 

represented in the corpus, a trend evident in the automated 

writing evaluation and sentiment analytics fields. 

Another pattern that can be identified is the one concerning 

the relation between complexity and interpretability. While 

advanced transformer architectures and large language 

models yield superior scoring and retrieval performance over 

statistical baselines, this accuracy gain frequently comes at 

the expense of model transparency and interpretability—a 

critical bottleneck for practical classroom integration. This 

issue is addressed in some of the automated writing 

evaluation solutions reviewed above through the use of 

discourse- or coherence-related features that are easy to 

interpret for teachers. Fourth, the context of deployment 

seems to affect performance statistics equally as much as the 

algorithm itself. Those systems tested under the 

circumstances of research studies, using carefully selected 

data sets and monolingual data pools perform better on 

average than systems described in studies analyzing their 

performance in classroom or institutional environment, when 

such factors as linguistic variation, learner diversity and 

compatibility with existing educational system become 

relevant sources of variance. 

V. DISCUSSION 

The results presented above imply that the use of AI 

technologies in educational linguistics is shifting from 



Maksud Asadov, Maftuna Omonova, Nigora Achildieva, Dilnoza Olimova, Yulduz Djuraeva, Ravqat Masharipov, Nasiba Yarashova and 

Nargiza Mirzaeva 

 

IJISS Vol.16 No.3 July-September 2026   75  

experimental models towards feasible implementations that 

can help with both information retrieval and evaluation at 

scale. As seen from the proposed architecture for the 

approach, there is a common computational pattern 

underlying various apparently unrelated applications, which 

aligns well with Chowdhary, (2020) observation that natural 

language text processing, information extraction and 

information retrieval technologies are very much 

interconnected fields. The superiority of the approaches 

based on semantic and retrieval improvements over baseline 

approaches based on keywords, in line with the framework, 

implies that embedding contextualization has become a very 

important component in information systems for academia as 

the amount of information published in digital format 

increases. This result supports the earlier observation by 

Doszkocs, (1986) and Vijayalakshmi & Manasamithra, 

(2018) that the use of natural language querying allows 

overcoming the technical challenge of information access. It 

appears that current transformer-based retrieval approaches 

achieve this better than previous statistical-combinatoric 

ones. 

Regarding the field of academic text analysis, the intersection 

of automated essay scoring studies carried out by Liang et al., 

(2018), Palma & Atkinson, (2018), and (Sadanand et al., 

(2022) and the reviews of Tack, (2025) and Huawei & 

Aryadoust, (2023) implies that the approach focused on 

discourse-level and coherence-aware models has become the 

prevailing one, overtaking previous feature counting 

methods. Nevertheless, the constant issue raised in these 

papers concerning the fairness for various populations of 

learners implies that consistency of scoring cannot be the sole 

measure for implementation in education. 

However, as evidenced in the literature provided by Yan, 

(2023), Stan et al., (2025), Ho, (2024), AlGhamdi, (2024), 

and Artiana & Fakhrurriana, (2024), the consistent theme that 

emerges is one of cautious optimism from the perspective of 

both learners and instructors, who appear to prefer 

conversational AI tools more as supplemental resources to 

human guidance than as substitutes for it, despite the proven 

effectiveness of these tools in vocabulary acquisition, 

grammar correction, and revision engagement. As 

demonstrated by the work of Sadanand et al., (2022), who 

conducts a cross-journal study on the disclosure issues 

associated with the use of AI in academic writing, the 

problem of transparency is especially important in the context 

of growing integration of generative tools. The  

corpus-linguistic contributions of Crosthwaite and Baisa, 

Balvad et al., (2026). The sentiment and feedback analytics 

evidence shows that the impact of AI in educational 

linguistics extends beyond text generation and retrieval into 

the analysis of learning experience as a whole. In terms of 

practice, there are certain considerations related to the 

convergence of these threads for institutions'  

decision-making. Libraries and information services at 

universities would benefit from such embedded retrieval 

models for the reason that research output goes far beyond 

what people can manage manually (AlGhamdi, 2024; Artiana 

& Fakhrurriana, 2024). Meanwhile, language departments 

would be able to use the mentioned automated writing 

assessment and sentiment analytics techniques based on the 

evidence provided in the above paragraphs as a complement 

to teacher feedback, employing AI as a way to direct one’s 

attention to certain students or texts that require more careful 

attention. It is aligned with the aforementioned cautious 

optimism on behalf of both teachers and students in 

generative-AI studies (Yan, 2023; Stan et al., 2025; Ho, 

2024). 

There are clear indications from the findings as to what future 

research needs to do. The cross-linguistic validation is still 

weak, with a majority of the automatic systems of writing 

assessment and text retrieval built and validated using 

English language corpus; building similar models using other 

languages such as Uzbek and other Central Asian languages 

could prove beneficial for the educational linguistics field. It 

is recommended that standardized procedures for evaluating 

metrics be adopted to further validate the existing body of 

literature. Collaboration between computational scientists 

and language educators while designing the system would 

add pedagogic validity to the designs. 

VI.  LIMITATIONS 

A primary limitation of this study is its reliance on secondary, 

previously published results rather than primary experimental 

data, which precludes direct quantitative benchmarking and 

performance comparisons across disparate systems. Different 

datasets used in the systems under review, different criteria 

for evaluating the systems, as well as different target 

languages make the quantitative results difficult to compare. 

Furthermore, the majority of the reviewed automated writing 

evaluation and retrieval systems were tested primarily on 

English-language corpora. This restricts the cross-linguistic 

generalizability of the proposed framework, highlighting an 

urgent need for future validation across multilingual datasets, 

including Central Asian languages such as Uzbek. 

VII. CONCLUSION 

The existing research represents an extensive overview of 

Artificial Intelligence applications in the field of educational 

linguistics with a special emphasis on information retrieval 

and academic text analysis. Using the proposed pipeline for 

AI implementation, this research showed how textual data 

can be processed using several computational steps like 

corpus collection, pre-processing, embeddings creation, 

task-related AI modelling, and evaluation of results. As a 

result, it was found that AI technologies have attained a stage 

of practical maturity and can be used to provide automation 

of essay evaluation, semantic search, corpus-based linguistic 

analysis, sentiment analysis, and generative text writing. 

Equally important, writing assessment software becomes 

successful in agreement with human judgments only if 

discourse features are used. In spite of all the progress, the 

use of artificial intelligence in educational linguistics needs 



An Analysis of Artificial Intelligence Applications in Educational Linguistics for Information Retrieval and Academic Text Analytics 

76       IJISS Vol.16 No.3 July-September 2026 

solutions to several crucial problems connected with fairness, 

transparency, interpretability, and flexibility in various 

linguistic contexts. Dependence of contemporary AI systems 

on small-language corpora, especially English language 

corpora, makes their application limited. Hence, further study 

needs to be done regarding multilingual artificial intelligence, 

evaluation criteria, explainable AI, and more collaboration 

between computational scientists and educators. By means of 

a proper balance between human involvement and machine 

involvement, AI can become a great tool for language 

learning and academic information processing. 
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