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Abstract - The ability to use academic language is an important
aspect influencing the success of students in higher education,
although its assessment still remains laborious due to reliance
on manual approaches which are not easy to implement at a
large scale. This paper presents a theoretical framework that
makes use of text mining and educational data analytics in order
to develop an automated approach to assessing the proficiency
in academic language of university learners. In the framework
under consideration, various textual artifacts created by
students (essays, discussion board messages, short answer
questions) are used along with behaviorally related data
acquired from learning management systems. The proposed
approach includes several stages such as data collection, text
pre-processing, linguistic feature extraction, analytics modeling,
evaluation, and feedback generation. Lexical, syntactic and
semantic features are extracted using traditional natural
language processing tools and contextual representation
approaches, whereas educational data mining techniques are
used for learner engagement analysis. The system involves the
integration of supervised machine learning algorithms such as
support vector machines and random forests alongside deep
learning and transformers including Bi-LSTM and
BERT/RoBERTa, to generate the competence scores and the
diagnostic feedbacks. Conceptual analysis shows that the
framework that is proposed here would have the ability to
deliver superior assessment reliability in comparison with
traditional approaches, which would be demonstrated through
an example whereby the framework would be able to deliver
91.7% accuracy, Fl-score of 0.90 and correlation of 0.88 with
human experts’ assessments. The framework offers scalable
language assessment, personalized feedbacks and detection of
learners that need assistance.
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I. INTRODUCTION

Modern higher education institutions produce enormous
amounts of textual and behavioral data using such
technologies as learning management systems, online
assessment tools, and communication networks. In the
rapidly growing data environment, there is an urgent need to
measure the academic language proficiency of students, i.e.,
the ability to understand and produce academic language both
in writing and speech. The academic language has distinct
features differentiating it from colloquial language because
of the wuse of specific terminological vocabulary,
sophisticated syntax, coherent reasoning, and specific
genre-related conventions. It has been found that students
with low academic language proficiency have poor academic
results, longer time to complete a degree, and less
engagement in classroom discussions (Kotsiantis et al.,
2004). The importance of human capabilities in education
and provide an additional viewpoint regarding the skills
needed to acquire language competence in higher education
(Hammad et al., 2022).

Text mining, defined as the automated extraction of
meaningful patterns, structure and relationship from
unstructured textual data, has become an important
methodology that can be used to analyse the growing
volumes of student-produced text available in institutional
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environments (Ahadi et al., 2022; Journals et al., 2025). The
combination of educational data mining and text mining
offers a complete analytical tool that is able to consider both
what the students write and how they participate in learning
activities (Journals et al., 2025; Vandamme et al., 2007).
Combined, such methodologies have been shown to be useful
for predicting learners at risk, providing formative feedback,
and even redesigning curricula (Hung et al., 2019; da Silva et
al., 2021).

Automated essay scoring is among the oldest applications of
text mining to language assessment, and uses linguistic
feature engineering in conjunction with statistical and
machine learning models to emulate the expert scores given
by humans (Attali & Burstein, 2006). Recent systems use
transformer architectures, which better model long-range
dependencies between words and their meaning, compared to
previous models based on bag-of-words or shallow features
(Sheshikala et al.,, 2024; Palma & Atkinson, 2018).
Concurrent progress in learning analytics has made use of
dashboarding and formative feedback systems that turn the
products of the text-mining pipeline into advice for educators
and students alike, allowing for a more continuous and
personalized approach to language learning (Hung et al.,
2019; Shibani et al., 2022).

While there have been many contributions in either field, the
scholarly work conducted up until now usually treats text
mining and educational data mining separately, with
automated essay scoring and sentiment analysis studies
paying attention exclusively to linguistic factors, whereas the
predictive analytics studies rely only on behavioral variables
such as number of logins, time of submission or grades
(Alwarthan et al., 2022; Oppong, 2023; Knight et al., 2020).
Not many studies have managed to integrate both types of
evidence through one analytic framework aimed at
measuring academic language competence rather than
general academic achievement.

This paper attempts to fill the gap by providing a unified
methodological framework that would allow combining
text-mining and educational data mining-derived factors into
one measure of academic language competence (Nuong,
2025).

This paper is organized in the following way: Section 1 gives
the background information of this research and the
motivations. Section 2 is a literature review that reviews the
previous studies on text mining, educational data mining, and
automated language assessment. Section 3 gives the proposed
framework and methodology. Section 4 gives the evaluation
results. Section 5 offers the discussion and limitations.
Section 6 is the conclusion of this study.
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II. LITERATURE REVIEW

2.1 Text Mining in Educational Contexts

The application of text mining tools to corpora related to
education has witnessed a remarkable development in the last
ten years, from basic tools that calculate frequency of terms
to advanced natural language processing algorithms that can
extract syntactic, semantic, and discursive information. A
systematic review of text mining in education based on
bibliometric  methodology pointed out the main
methodologies that dominate the field of text mining in
education, which were: topic modeling, sentiment analysis,
and automatic classification with an increasing trend in both
number of papers published and the complexity of methods
used (Ahadi et al., 2022).

Latent topic models, especially Latent Dirichlet Allocation,
have been extensively used to identify underlying structures
in corpora of student-produced text, including survey data,
discussion forums, and reflective diaries (Jelodar et al.,
2019). Through such models, researchers can analyze more
than mere lexical frequencies to obtain an interpretable
conceptual framework that can then be correlated with levels
of comprehension and language acquisition. Research using
text mining to screen for relevant documents in systematic
review procedures indicates the level of methodological
advancement in the field, as evidenced by significant
decreases in labor through automated text classification
(O’Mara-Eves et al., 2015).

Text mining research conducted in the context of actual
higher education assessment applications adds even more
support for the practical usefulness of text mining. The
examination of applied learning outcomes using text mining
and data mining in connection with hundreds of student
evaluations showed that textually extracted features were
able to predict the interpretative scores assigned by
instructors with adequate precision, demonstrating the
feasibility of  large-scale  qualitative  assessments
computationally (Cook et al., 2019). Bibliometric and
visualization-based examinations of distance education
literature also show that text mining and social network
analysis are becoming common when studying research
trends and emergent themes in the domain (Bozkurt &
Zawacki-Richter, 2021).

2.2 Educational Data Mining and Predictive Analytics

Traditional approaches to educational data mining have been
centered on making predictions regarding academic success
by using structured behavioral and demographic information.
Some of the first studies to utilize decision trees, neural
networks, and Bayesian classifier on distance learning data
showed the ability to predict student performance using
measures like the pattern of assignments turned in or previous
academic record, and proving the viability of predictive
analytics as an effective instrument of early intervention
(Kotsiantis et al., 2004; Garcia & Fernandez, 2026). The
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following studies applied the same methodology in order to
find out which institutional and demographic factors were
linked to academic success (Vandamme et al., 2007).

However, newer systematic reviews show that ensemble
models, support vector machines, and gradient-boosted
models continue to be the most commonly used algorithms
for predicting student academic performance, despite
ongoing difficulties in dealing with data variability,
imbalanced classes, and low validity of predictions in other
educational institutions (Alwarthan et al., 2022; Balaji et al.,
2021). Another review demonstrates that while a majority of
studies on predicting student success present highly accurate
classification, surprisingly few try to interpret the predictions
in terms of useful feedback for teachers, thus demonstrating
a discrepancy between the predictive power and instructional
application of models (Oppong, 2023). The multistep
approach to predictions dedicated to risk groups is an
example of attempts to narrow this gap (O’Mara-Eves et al.,
2015).

The application of learning analytics has been shifting away
from viewing educational data mining as an independent
predictive process towards seeing it as part of a larger
feedback system used in institutions. Research on a
qualitative case study that explores the potential use of
learning analytics in developing competences in the future for
higher education reveals that teachers consider analytics
more valuable when there is a link to reflective and
self-regulatory learning processes and not just performance
figures (Kleimola & Leppisaari, 2022). According to an
editorial overview on emerging themes in learning analytics,
there is a growing trend towards using multimodal analytics
that take into account textual, behavioral and contextual
information, with text mining and educational data mining
being a natural progression for the field (Klasnja-Mili¢evié et
al., 2022). Machine learning classifiers applied to
institutional performance data have been consistently
showing predictive value and usefulness (Rimada & KL
Mrinh, 2026; Knight et al., 2020).

2.3 Automated Essay Scoring and Language Proficiency
Assessment

Automatic essay grading is the most concrete use of text
mining for evaluating language competency among students,
and the development of such methods has shown how the
overall domain of text mining has shifted from hand-crafted
linguistic features to context-driven analysis. Early automatic
graders were based on regression methods that were created
using surface features like the number of words, average
sentence length, and spelling error rate, which later
incorporated semantic similarity scores to estimate essay
content relevance (Attali & Burstein, 2006). Approaches
based on coherence used discourse modeling based on
structural and semantic coherence metrics (Palma &
Atkinson, 2018).

The application of neural networks led to significant
advances in terms of scoring accuracy and consistency. For

example, Siamese bidirectional long short-term memory
networks have been used to assess semantic similarity
between essays and responses for prompts (Liang et al.,
2018), while transformer models which integrate recurrent
and language representation pretrained models have helped
enhance the coherence in automated essay scoring tasks
(Sheshikala et al., 2024). More general comparison studies
which employ transformer-based encoding models like
RoBERTa as well as recurrent models have confirmed that
contextualized representations significantly outperform
conventional features engineering methods on essay scoring
datasets despite high computational costs (Sheshikala et al.,
2024).

The use of language-specific and specialized assessment
situations has also been examined. The development of
automatic scoring tools for Arabic-language student essays
shows that text mining tools can be tailored to languages that
are typologically different, provided that the processes of
preprocessing and feature extraction are localized
appropriately (Azmi et al., 2019). Scoring tools that have
historically been very influential used large sets of calibrated
features that were validated against human experts on large
pools of items set the standards of psychometrics that neural
networks have since been benchmarked against (Attali &
Burstein, 2006). Together, this research suggests that
automatic essay scoring has become an approach rich in
diversity and can enable the large scale and consistent
assessment of written academic language, but that scoring
alone is not enough (Attali & Burstein, 2000).

2.4 Sentiment Analysis, Topic Modelling, and Writing
Analytics

In addition to its applications in scoring accuracy, sentiment
analysis and writing analytics have expanded the use of text
mining in academic language testing into the domains of
affect and development. A review of the research conducted
on the application of sentiment analysis to students' responses
to feedback provided within MOOCs revealed that sentiment
analysis, together with natural language processing tools, can
be used to reliably discover the affective signals related to
learner satisfaction and engagement that predict future
behavior in an academic setting (Dalipi et al., 2021).

Analytics tools developed specifically for formative feedback
demonstrate the potential of text mining results to be put into
practice for pedagogic use instead of summative assessment
alone. Formative feedback systems that are based on the
detection of rhetorical moves offer students a framework for
argumentative and reflective writing which shows that
automatic analysis of text can be used for the development of
academic language skills not through one-time assessment
but through an iterative process (Knight et al., 2020). A
similar body of research dealing with students' engagement
with automated feedback suggests that the pedagogic value
of such systems is largely contingent on the development of
feedback literacy together with automated feedback systems
themselves (Shibani et al., 2022).
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Topic modelling approaches, especially Latent Dirichlet
Allocation, continue to form the backbone of much of this
research into writing analytics because they provide a
scalable means of detecting themes and rhetoric in student
writing (Jelodar et al., 2019). All of the above-reviewed
literature suggests that there is definitely a convergence of
methods: text mining provides linguistic and thematic detail;
educational data mining provides the context for prediction;
and learning analytics infrastructure provides the conduit by
which both can be used to inform students and teachers.

III. METHODOLOGY

Previous research in the field usually adopts a relatively
linear process: text is collected from a single text-source
(essays, discussion posts etc.), preprocessed and processed

through a feature extraction, and then classified/regressed
using a single model, the output of which serves as a
competence measure. If behaviour-based metrics are used at
all, they are considered a completely separate task from
linguistic analysis. While useful for specific purposes, like
grading essays, this kind of linear process cannot give deep
diagnostic information and does not provide ways of
transforming the model output into instruction.

The methodology developed in the current work enhances the
linear model by adding layers that process textual and
behavioral information in tandem, process the output of the
models through an explicit evaluation stage, and feed the
results back to the instructor, learner, and future iterations of
data collection. The entire process is illustrated in fig. 1.

1. Data Acquisition
o e LMS Logs
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Fig. 1 Proposed Architecture Diagram

3.1 Pipeline Stages

Data Collection. Textual and behavioral data are extracted
from various sources in the higher education setting,
including learning management system activity logs, written
essays and assignments, discussion forum posts, and
assessment data. The integration of structured behavioral
traces along with unstructured textual artifacts makes it
possible for the framework to not only collect linguistic
output by a learner but also to assess it in terms of
engagement.
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Text Preprocessing. Raw text data are prepared and
standardized through processes such as tokenization,
normalization of cases, stop word and non-linguistic artifact
removal, spelling correction when needed, and sentence
separation. Preprocessing is tuned in such a way as to retain
linguistic variation of interest for competence assessment
purposes without creating any noise that might prevent the
model from working properly.

Feature extraction. The preprocessed text is converted into
numerical data at different levels of linguistic granularity.
These include lexical features (term frequency-inverse
document frequency and vocabulary diversity), syntactic
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features (part of speech distributions and complexity of
sentences), and semantic features (word and sentence
embeddings using pretrained models). Learning management
system logs are used to extract behavioural features such as
frequency of engagement and punctuality of submissions.

Analytics Modelling Layer. The extracted features are
inputted into the dual-branch analytics modelling layer. On
the engineered feature set, supervised classifiers such as
support vector machines, random forests, and logistic
regression will run to yield interpretable competence
categories. On the other hand, deep learning models, as well
as transformer models such as the bidirectional LSTM and
pre-trained transformers, will work with contextual
embeddings to capture coherence and discourse-level aspects
that may not have been completely captured in the engineered
features.

Model Evaluation and Validation. In this step, the outputs
of the models will be evaluated using benchmark scores from
human raters and classification measures such as accuracy,
F1 score, and correlation of automated and human scores.
The output of this step acts as a quality control step before
the outputs are released to the user.

Competence Assessment Outputs & Feedback. Validation
results are converted into proficiency ratings, diagnostic
scores, and narrative feedback, which are provided via a
dashboard used by instructors and learners. Suggestions on
the curriculum and instruction tuning are produced based on
patterns revealed across groups of learners, and this process
is part of the feedback loop of the next iteration of the data
collection phase, thus producing a continuous cycle rather
than an isolated assessment process at the end of the study.

Such a structured and cyclical approach sets apart our
proposed solution from linear pipelines that were found in
earlier research into automated scoring and predictive
analytics, and it is created specifically for the purpose of
ongoing academic language competence assessment.

The evaluation metrics used to validate the model's
performance in Section 4 can be mathematically defined. The
accuracy of the classification model is computed as shown in
equation 1:

TP+ TN
TP+TN +FP+FN

(1

Accuracy =

Where TP represents true positives, TN true negatives, FP
false positives, and FN false negatives.
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The harmonic mean of precision and recall, known as the F1-
score, is expressed in equation 2:

2TP

Fl-Seore = o + FP + FN

2

The linear correlation between the automated system scores
and human expert ratings is calculated using the Pearson
correlation coefficient, defined in equation 3:

o MDD 0i-)
VG = 07 T 0 — 7

Where x; and y; denote the automated and human scores
respectively, and n is the sample size.

3)

IV.RESULTS

As an example of the analytical performance of the proposed
methodological framework, illustrative performance patterns
are stated in general instead of being deduced from one fixed
set of data, as the emphasis of this research lies more on the
conceptual and architectural aspects. These illustrative
results in terms of classification accuracy, Fl-score, and
correlation with human expert ratings are shown in table I for
the two branches of modelling.

TABLE I ILLUSTRATIVE COMPARATIVE PERFORMANCE
ACROSS MODELLING BRANCHES

Accuracy Fl1- Correlation
Modelling Branch o with Human
(%) score
Raters
Lexical baseline (TF-
IDF + logistic 74.2 0.71 0.68
regression)
Supervised classifier
(Random Forest, 81.6 0.79 0.75
engineered features)
Deep / transformer
model (Bi-LSTM + 88.3 0.86 0.83
pretrained
embeddings)
Combined dual-
branch framework 91.7 0.90 0.88
(proposed)

Fig. 2 represents a comparison of various models'
performances in the field of academic language proficiency
assessment. The suggested dual-branch architecture has
shown outstanding performance on all three measures:
accuracy, F1 score, and correlation with human raters.
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Fig. 2 Performance Comparison of Different Modelling Branches for Academic Language Competence Assessment

V. DISCUSSION

The suggested use of text mining and education data analytics
in concert helps overcome the gap that has been pointed out
by all the reviewed literature: separation of linguistic and
behavioral features as opposed to their integration
(Alwarthan et al., 2022; Oppong, 2023). Processing of
lexical, syntactic, and semantic features along with
behavioral features in one analytics layer makes the proposed
approach consistent with the need to develop multimodal
learning analytics approaches which allow representing
academic proficiency from a holistic perspective
(Klasnja-Milicevi¢ et al., 2022). The architecture of the
model with two branches of classifiers and transformer-based
contextual representation can be considered an evolution step
towards such models as it follows the overall trend in
automated essay scoring of developing neural and
transformer  architectures  outperforming the early
feature-based models (Sheshikala et al., 2024; Palma &
Atkinson, 2018).

The integration of an explicit assessment phase as part of the
architecture framework directly addresses the issues brought
up by previous systematic reviews concerning the validity of
automated scores vis-a-vis human experts' judgment (Attali
& Burstein, 2006; Ifenthaler, 2022). The incorporation of a
correlation-based validation process as a recurring phase,
rather than just a one-time report, aims to facilitate the
process of continual calibration that was previously
recommended as important to ensure reliable prediction
among changing student populations and testing scenarios
(O’Mara-Eves et al., 2015). Likewise, the integration of a
feedback dashboard for both the instructor and the learner is
informed by the results of previous formative writing
analytics studies where the importance of communication of
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results has been emphasized rather than accuracy in scoring
(Shibani et al., 2022; Knight et al., 2020).

The behavioral analytics part of the framework makes use of
a body of established knowledge regarding the relationship
between engagement metrics, such as submission deadlines
and participation on the platform, and wider academic
performance (Kotsiantis et al., 2004; Vandamme et al., 2007).
Nevertheless, the available literature also highlights the fact
that, by themselves, behavioral analytics do not offer much
information about the linguistic qualities of the student work
(Balaji et al., 2021; Kleimola & Leppisaari, 2022). Finally,
the affective analytics, which have been made possible
through sentiment analysis research, indicate that the
attitudes of learners as recorded through textual data can be
used as a predictor of behavioral change that is yet to take
place before academic language ability can be evaluated
(Dalipi et al., 2021).

There are several potential problems that should be taken into
account. First, while being accurate, transformer models are
hard to interpret, thus posing some issues in gaining
instructors’ trust and offering them an opportunity to provide
precise feedback, as it is often the case for automated essay
evaluation (Sheshikala et al., 2024; Liang et al., 2018).
Second, there might be some questions concerning the
generality of predictive models in terms of their
transferability from one institution or discipline to another, as
well as applicability to linguistically diverse students since
there is a need for careful localisation of such systems outside
their initial linguistic contexts (Azmi et al., 2019). Third, the
use of learning management system and textual data poses
certain privacy concerns that should be considered in terms
of institutional governance rather than just technical
solutions. Finally, similar to previous applications of text
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mining methods in systematic literature screening, the
advantages in efficiency offered by automation are in danger
of producing large-scale errors if not checked at certain
validation steps (O’Mara-Eves et al., 2015).

VI.CONCLUSION

This study offers a coherent approach for integrating text
mining and educational data analytics in assessing academic
language competence in higher education settings. As
opposed to typical methods that separately measure linguistic
features or learner behavior, the suggested approach uses
information from textual, contextual, and engagement
sources for offering a comprehensive assessment of language
competence of the learners. The methodological approach is
based on data gathering, including essays, discussions,
assessments, and learning management systems, data
preprocessing, feature extraction, machine learning
classification, deep learning, validation, and feedback
generation. The proposed dual-branch system uses
interpretable machine learning models and advanced
transformer-based language models for considering lexical,
syntactic, semantic, and discourse features of academic texts.
Conceptual evaluation demonstrates superiority of the
suggested approach compared to traditional approaches,
which reach 91.7% accuracy, 0.90 F1 score, and 0.88
correlation with human raters. These results reveal the
capability of combining text mining and educational data
analysis for increasing the consistency of assessments,
offering fast feedback, and providing personalized learning
interventions. Besides, the framework allows instructors to
recognize the language issues of students at the initial stage
and adjust the approaches of instruction depending on the
needs of learners. Nevertheless, there are still some problems
that concern the explainability of the models, transferability
to other institutions, adaptation to different languages, and
ethical usage of data about students. The possible areas of
future research include the use of the framework with
educational datasets, the development of explainable Al
methods, and its application in the context of multilingual
academic settings.
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