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Abstract

English for Specific Purposes (ESP) has become strategically important in Algeria due to
recent changes adopting English as a language of instruction in schools. However, one of the main
difficulties faced by researchers is the lack of intelligent and contextualized software applications
that can connect the language needs of a specific field to relevant materials. The aim of this thesis
is to design, develop, and test TALEB-ESP, an artificial intelligence system for ESP instruction.
Specifically, it seeks to solve a common problem in ESP teaching among first-year university
students: the inability of instructors to identify learners” ESP needs and develop appropriate
materials. As a possible solution, TALEB-ESP, an Al-assisted platform for needs analysis and
personalized ESP material development, is proposed and investigated. The study employed a
quasi-experimental mixed-methods design, involving a purposive initial sample of 80 first-year
English for Specific Purposes (ESP) students, 75 of whom met the inclusion criteria. These
students were divided into an experimental group and a control group. They participated in a six-
week classroom experiment. The experimental group used TALEB-ESP to identify ESP needs
and generate customized learning content. To measure the impact, students” reading, technical
vocabulary, and professional writing skills were tested before and after the experiment using pre-
tests and post-tests. Teacher evaluation and learner assessment were also used. The results showed
that participants who studied with the Al-enhanced platform improved their language proficiency
much more than those in the control group (F(1, 72) = 68.47, p <.001). Moreover, the Al-based
needs analysis was highly consistent with expert assessment, meaning that using Al in ESP
learning provides accurate data about learners” needs. Additionally, both teachers and students
expressed very positive attitudes towards the usefulness and adaptability of the Al-generated
materials. The conclusion is that the hypothesis is confirmed: artificial intelligence technology
can help create more adaptive, learner-oriented, and contextualized ESP learning activities at
Algerian universities. The dissertation also offers insights into the consequences of using Al in
ESP learning for educators, curriculum developers, and future innovations in Algerian higher

education.

Keywords: English for Specific Purposes (ESP), Artificial Intelligence in Education, Needs
Analysis, Personalized Learning, Al-Assisted Content Generation, Language Learning Technologies,

Algerian Higher Education.
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General Introduction

a) Background of the Study

It is true that the past two decades have seen a remarkable change in university policies in
Algeria, especially regarding the use of English as the medium of instruction for different
scientific and technical disciplines. Indeed, thanks to different legislative measures and decrees
issued by the ministries concerned, ESP is now considered one of the central components in
university language programs. It is even common in universities in Algeria to provide their
students who are specializing in sciences, engineering, economics, medicine, and agriculture with
training in ESP as part of their preparation for entry into the world of knowledge.

Simultaneously, the development of artificial intelligence (AI) has become an essential
trend in educational technologies. Developments within the area of LLMs like ChatGPT,
Anthropic’s Claude, Google’s Gemini, and many others have provided enormous possibilities for
automation of various aspects of education, including automated grading, intelligent tutoring
systems, and adaptive content delivery. For purposes of the current study, however, it is important
that such developments create new possibilities for the automated analysis of learners” needs and
content generation in specific domains. The global Al in education market size was estimated at
$3.6 billion in 2023, with a CAGR of 35.1% expected until 2033 (« Al in Education Market »,
s. d.).

However, even with all the progress made, the English language instruction for specific
purposes (ESP) program in Algeria is still highly dependent upon general language books that are
ill-suited to the Algerian setting. The educators at places like the University of Ghardaia, situated
in one of the economically vital areas of Algeria where petroleum engineering, geology, and desert
agriculture form the dominant industries, frequently note that the commercially available materials

for ESP education bear little relevance to the real-life professional experiences of their students.

b) Statement of the Problem

There are two main features which define the process of teaching ESP at the University of
Ghardaia as well as at any other university in Algeria. Firstly, the problem of conducting a proper
needs analysis, i.e., the identification of the needs of students in order to perform tasks in English
in certain professional settings, is not formalized or even ignored. In cases where no relevant data
has been collected, ESP courses are compiled using general curricula which make no references

to discipline-specific language elements.
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Additionally, even if information about the learners” needs is provided, the next issue
involves turning this information into tailored material. As it turns out, material creation is quite
labor-intensive among ESP educators, as preliminary research conducted at the onset of this study
found out that ESP educators at the University of Ghardaia spend 12.4 hours per week working
on developing material, hours that could be much more effectively spent in other areas. The matter
is complicated further due to the absence of subject-specific corpora and subject books, and the
insufficient technological literacy of the instructors.

Thus, the research problem can be formulated as follows: can the use of an automated ESP
content creation tool using Al technology assist in making the process of analysis of learners”

needs and subject-specific ESP content creation easier for the instructor?

¢) Aim and Objectives

Main objective of the research is to design and evaluate a two-module artificial intelligence
system , that will be used for automating needs analysis (Module 1) and creation of ESP learning
materials tailored to the individual student’s needs (Module 2). For the achievement of this main

objective, the present research seeks to reach the following goals:

1. Creation and validation of a tool for needs analysis, which will be employed to profile the
individual ESP needs of learners and set the corresponding pedagogical parameters.

2. Using the Content Generation Module to create disciplinary readings, specialized
vocabulary exercises, and professional writing tasks that are designed according to the
individual learner profile provided by Module 1 (needs analysis).

3. Comparison of the accuracy of needs analysis provided by the system to the one done
manually by experts.

4. Expert assessment of the pertinence of the generated material.

5. Assessment of the influence of the proposed system on the language development,
motivation, and engagement of students through quasi-experimental research.

6. Estimation of the acceptance and usefulness of the proposed system by instructors of ESP
classes, in terms of their material preparation and time-saving effects, by means of

technology acceptance model (TAM).

d) Research Questions and Hypotheses

This study is guided by five principal research questions:

1. RQI: How accurately does the proposed system’s automated needs analysis identify

learners” discipline-specific language needs compared to a manual expert baseline?

13



2. RQ2: What is the pedagogical quality of the ESP content generated by Module 2, as
evaluated by domain experts using a validated rubric?

3. RQ3: Does participation in ESP instruction supported by the proposed system significantly
improve students” language proficiency compared to students receiving conventional
instruction?

4. RQ4: How does the proposed system supported instruction affect student motivation and
engagement in ESP learning?

5. RQS5: To what extent do ESP instructors accept and perceive the proposed system as useful

and easy to use, and how does it affect their material preparation efficiency?
The following directional hypotheses are proposed:

1. HI1: The proposed system’s needs analysis will achieve a minimum of 80% agreement with
a manual needs analysis conducted by an ESP expert.

2. H2: The expert-rated pedagogical quality of the proposed system’s content will attain a
mean score of at least 4.0 on a 5-point validated rubric.

3. H3: Students in the experimental group receiving proposed system instruction will
demonstrate significantly higher post-test language proficiency scores than students in the
control group, after controlling for pre-test performance.

4. H4: Students in the experimental group will report significantly higher motivation and
engagement scores than students in the control group.

5. HS5: ESP instructors will rate the system’s perceived usefulness at 4.0 or higher on the
TAM instrument, and will report a minimum 50% reduction in material preparation time

compared to conventional methods.

e) Significance of the Study

This study makes significant contributions at three intersecting levels:

Academically and methodologically: It advances the nascent field of Al-assisted ESP
course design by providing empirical evidence, grounded in a rigorous quasi-experimental design,
of the effectiveness of Large Language Model (LLM)-driven content generation and needs
analysis automation. It adds to the sparse body of research on Al applications in North African
educational contexts and provides a replicable methodological framework and guidelines for
future research.

Practically: It delivers a functional architecture that addresses an acute, documented
shortage of appropriate ESP materials in Algerian universities. The proposed framework holds the

promise of serving university students who study ESP across Algerian higher education

14



institutions, dramatically expanding access to quality, discipline-specific language
instruction. Teachers also benefit from this work, as it reduces their material preparation burden
and allows them to focus more on teaching and learner support.

Entrepreneurially: By aligning with the nationwide “One Diploma, One Startup” initiative
(Decree 1275) and the Master & Start-up label framework, this thesis provides a model for
translating applied linguistics research into commercially viable EdTech ventures, contributing
directly to Algeria’s nascent innovation ecosystem and the Ministry of Higher Education’s digital

transformation agenda.

f) Organization of the Thesis

This thesis is structured as follows. Chapter One reviews the relevant literature, focusing
on the theoretical framework of ESP, Al-supported language education, adaptivity in education,
and the Technology Acceptance Model. Chapter Two provides detailed information about the
research methodology, including the proposed system architecture, data collection techniques,
experimental procedures and data analysis methods. Chapter Three presents the empirical
evidence relating to the five hypotheses and five research questions raised in this study. Chapter
Four concludes the research with key observations, pedagogical suggestions, limitations of the
study, and proposals for future research. Finally, six appendices are provided at the end of the

thesis, concluding with the business plan for developing the system commercially.
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1. Literature review

The integration of technological innovations in language pedagogy requires a foundational
grounding in established linguistic theories and educational frameworks. In order to critically
evaluate how contemporary artificial intelligence can transform and optimize the instructional
landscape of English for Specific Purposes (ESP), it is essential to first contextualize ESP as a

distinct and rigorous branch of English Language Teaching (ELT).

1.1 ESP Foundations: Definitions, Evolution, and the Role of Needs Analysis

Conceptual basis for English for Specific Purposes can be found in the long history of
scientific investigation related to language teaching methods and curricula as well as learners”
needs. In order to analyze further how artificial intelligence can be used for improvement of ESP
teaching process, it is important first of all to formulate what ESP means as a special branch of
English language teaching. This part provides basic definitions of ESP and looks at its history as

well as needs analysis relevance.

1.1.1 Defining English for Specific Purposes

ESP should not be regarded as an end-product comprising certain content and
methodologies; rather, it can be seen as an approach to language instruction where all content
choices, methodologies, and assessments are made according to the reasons for which one needs
to learn (Hutchinson & Waters, 1987). Differing considerably from English for General Purposes
(EGP), the core idea behind ESP is to cater specifically to the particular needs of students, both
academically, linguistically and professionally. Hence, ESP cannot be viewed within the scope of
other types of English language instruction since it requires taking into account the needs of
learners as a basis for successful ESP program implementation.

In their discussion of ESP as a distinct field of specialization, (Dudley-Evans & St John,
1998) defined certain characteristics associated with ESP, which included absolute and variable
ones. As per the authors, ESP should address the particular needs of the learners, make use of
discipline-specific approaches and activities, and focus on the particular type of language, skills,
genres, and discourses associated with these activities. Moreover, (Dudley-Evans & St John,
1998) noted that ESP courses are typically aimed at mature learners of tertiary and professional

levels possessing at least a basic command of English language.
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1.1.2 The Evolution of English for Specific Purposes

The history of ESP is marked by an ongoing development in its theoretical bases and
applications. At first, the main concern was concentrated on the study of registers and the linguistic
specifics of scientific and technical English (Barber, 1962; Halliday, 1964). In subsequent periods,
the focus moved to discourse and genre analyses through the groundbreaking works of such
scholars as (Bhatia, 2014; Swales, 1990), for whom an essential aspect was understanding the
functioning of language within discourse communities. Contemporary researches have enriched
the area of ESP through new sociocultural, corpus-based, and technological approaches to
language acquisition (Flowerdew, 2012; Liu & Lei, 2018). Thus, from being concerned with the
problem of vocabulary specialization only, ESP has developed into a multi-faceted
interdisciplinary domain of language studies.

It has been described in terms of several important principles. To begin with, ESP is
developed to suit the particular needs of the learners. Second, it uses the methods, approaches,
and communication tools peculiar to the disciplines involved. Finally, it takes into account
language as used in these disciplines, including grammar, lexis, register, discourse, genre, and
learning strategies (Dudley-Evans & St John, 1998; Hutchinson & Waters, 1987; Swales, 1990).
This combination of principles defines ESP as a flexible and needs-based approach to language

teaching rather than as a fixed curriculum.

1.1.3 Needs Analysis: Theory and Practice

Needs analysis (NA), the scientifically conducted examination of the needs of learners
before and/or during the process of designing a course, is a hallmark concept in ESP pedagogy.
In (Long, 2005) the definitive discussion of needs analysis provides an analytical approach that
employs multiple sources of information (target situation experts, learners, employers, and
practitioners), several techniques (questionnaire surveys, interviews, observation at the
workplace, discourse analysis, and corpora research), and two types of needs, target needs (what
learners need to be able to do in the outside world) and learning needs (how to get there in the
classroom).

Apart from being an instrument of collecting information, needs analysis is considered the
bedrock of ESP curriculum design. According to (West, 1994), its main aim is to specify syllabi
based on identifying the communicative demands associated with target situations. Likewise,
(Basturkmen, 2015) defines needs analysis as a process where the future language requirements

of the learners, relative to their present proficiency level and needs, are assessed within the context
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of the constraints of the teaching environment. Perhaps one of the most widely accepted models
of such needs analysis was offered by (Munby, 1978). In his Target Situation Analysis (TSA), he
attempted to pinpoint the communicative demands that the learners would face in the target
situation. However, (Hutchinson & Waters, 1987) advise that an exclusive focus on target
situations is misplaced because a good ESP course must take into consideration the ways in which
the learners actually learn language. This distinction was made by the authors, who defined two
different types of language needs, target needs and learning needs.

In fact, there have been no systematic needs assessment studies conducted in Algerian
Universities. According to (Soulimane B., 2024), from the year 2017 when the English language
program was launched at the higher education level, there has been no systematic assessment
process that has been conducted. The situation is confirmed by (Assassi, 2021) who, in his
research work about the status of ESP in Algeria, found that classes were allocated without any
set syllabus; hence the students did not view the course seriously. The problem of lack of proper
teacher preparation for the subject matter and lack of proper teaching resources is further
confirmed by (Missoum, 2023). This makes it difficult for the teachers to develop their own
syllabuses within a short period of time which can be difficult.

The use of Al in needs analysis through automation is a huge leap from the existing
methodologies and should not be viewed as an outright rejection of the fundamental ideas behind
the former. With natural language processing being used to analyze free-form answers and
machine learning to create learner profiles, along with large language models to compile the
results, Al-supported needs analysis will be capable of handling vast amounts of information while
maintaining the learner-centered approach that drives ESP. The result would be learner profiles

that map out the learners” needs and how they fit into instructional design.

1.2 Artificial Intelligence in Language Education (AIEd)

Artificial intelligence has gradually transformed language teaching, especially for ESP.
This chapter explores the developments that have taken place in terms of artificial intelligence
from computer-assisted learning to large language models in recent times, discusses the use of Al

technology in content creation for ESP programs, and analyzes the role of Al in needs analysis.

1.2.1 From Computer-Assisted Language Learning to Large Language Models

Indeed, the application of digital tools to language learning has seen significant changes
during recent decades. Computer Assisted Language Learning was invented at the beginning of

the 1960s and 1970s and was predominantly behaviouristic in nature; the students had access to a
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number of drills to practise grammar and vocabulary. While these programs enabled the learners
to practise independently, the flexibility of such systems is rather low due to the inability to adjust
to individual needs or generate authentic material.

With the development of AI, the above-mentioned picture has been continuously
changing. Due to recent advancements in natural language processing and machine learning,
educational technology systems have been able to break free from the constraints of prescribed
instruction sequences and create more engaging environments for learners. One of the biggest
breakthroughs in Al has been made with the development of the transformer model, which is the
cornerstone of all modern Large Language Models.

Large Language Models such as BERT (Devlin et al., 2019), GPT-3 (Brown et al., 2020),
GPT-4 (OpenAl et al., 2024), and Claude (Anthropic, 2023) have shown exceptional performance
in generating high-quality texts, translating them into other languages, summarizing texts, and
other language-related tasks. Unlike traditional educational applications, modern Large Language
Models generate completely new texts that can mimic human speech in terms of style and adapt
to different areas of application and situations of use.

Pedagogical implications resulting from the aforementioned tendencies have become the
focus of an increasing amount of literature. (Warschauer & Meskill, 2013) stressed that
technologically assisted language learning should emphasize authentic communication and
contextualized language use, rather than language activities done in isolation. In turn, (Godwin-
Jones, 2022) highlighted personalization, immediate feedback provision, and scalability among
other major strengths associated with the use of Al in language learning processes.(Kohnke et al.,
2023) build on these ideas by stressing that context-sensitive tasks generated through generative
Al can be adjusted according to learners” performance. These qualities are especially pertinent to
English for Specific Purposes, as language teaching materials should match learners” professional
and academic environments.

On the other hand, researchers have noted the necessity for critical and responsible
implementation of generative Al in the education process. Misinformation, bias in algorithms, and
learner over-reliance on Al tools have been associated with certain pedagogical issues. Thus,
current academic interest shifts away from AI’s potential for replacing teachers towards using Al

to enhance their instructional capabilities.

1.2.2 Al for Content Generation in ESP

One of the issues with English for Specific Purposes has been in the creation of relevant

learning materials for the purposes of specialized domains. Given that ESP classes cater to
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individual requirements, generic textbooks might not be able to present appropriate materials for
a specific context.

With advancements made in the field of artificial intelligence, novel opportunities have
emerged to meet this issue. Various studies have looked at the application of Al-based tools to
adapt texts, analyze vocabularies, conduct corpus linguistics analysis, and generate content in
engineering, medicine, and business English (Alonzo et al., 2024; Aryadoust et al., 2024; Suvorov
& Irgin, 2025). Generally speaking, Al-based materials were found more engaging and flexible
than generic materials.

However, several critical issues still exist. For instance, a lot of existing research mostly
emphasizes the technical qualities of Al software, while there is not much information about their
teaching effectiveness. In a number of investigations, assessment methods were based on
subjective impressions of teachers or learners, and not on the objective evaluations and
observations conducted in the classroom. What is more, Al content production is analyzed as a
separate activity that is not associated with any initial needs analysis.

This is especially relevant for ESP, since the needs analysis stage is regarded as the basis
for ESP curriculum development (Basturkmen, 2015; Hutchinson & Waters, 1987). Hence, the
effectiveness of the materials developed through Al should be estimated not only in terms of the

linguistic aspect, but also in terms of relevance to learners” needs.

1.2.3 Al-Assisted Needs Analysis in ESP

Needs analysis wusually employs questionnaires, interviews, observations, and
consultations among other techniques aimed at uncovering the target and learning needs of the
students (Long, 2005). While all these practices form an integral part of ESP course design, they
can prove time-consuming and challenging when dealing with large numbers of students.

The emergence of artificial intelligence presents several possibilities. Questionnaire
results, learner data, and qualitative data are subject to computerized analysis that enables the
identification of learner categories and the creation of needs profiles for individual students or
groups of students more effectively than would be the case through traditional needs analysis. It
is necessary to highlight that the employment of artificial intelligence does not mean abandoning
existing approaches but complementing them.

Under the ESP approach, what makes the use of Al particularly important is its ability to
create a link between needs analysis and course content development. While traditional
approaches treat needs analysis and material development as two different processes, Al makes it

possible to translate learners” needs directly into course content.
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1.3 Adaptive Learning and Personalization

Adaptive learning means using educational technologies to adjust teaching experiences to
individual learners based on their personal traits, preferences, and performance. Over the past
twenty years, personalization has become a main approach in educational technology research
(Pane et al., 2017). According to (Brusilovsky & Millan, 2007)

basic model, an adaptive educational system rests on three core parts:

e The Domain Model: The knowledge and skills within a specific subject to be taught.
e The Student Model: An up-to-date picture of the learner’s current skill level, goals, and
specific needs.

e The Instructional Model: The teaching method and rules that control how materials are

chosen, supported, and ordered for each learner.

Many studies have proven that these adaptive environments work well. (VanLEHN, 2011)
showed that intelligent tutoring systems often produce results as good as one-on-one human
tutoring. Furthermore, a large review by (Ma et al., 2014) covering 107 studies found that adaptive
tutoring systems work much better than traditional teaching.

From a language learning perspective, adaptive learning fits well with (Krashen, 1982)
Input Hypothesis, which states that people learn language best when they receive input that is just
a little above their current level (i + 1). Adaptive systems put this idea into practice by constantly
adjusting language difficulty, topics, and task level based on real-time learner data, something
much easier to achieve with dynamic content than with a fixed, uniform textbook.

Beyond these cognitive and linguistic adjustments, the success of adaptive ESP instruction
is heavily mediated by psychological and affective factors. Within contemporary educational
psychology, this motivational engagement is robustly explained through the lens of Self-
Determination Theory (SDT), formulated by (Deci & Ryan, 2000). SDT posits that optimal
intrinsic motivation and psychological well-being are achieved when instructional environments
successfully satisfy three core psychological needs: autonomy, competence, and relatedness. In
traditional ESP settings, non-tailored materials often hinder motivation due to a lack of perceived
immediate relevance. Conversely, an adaptive system that delivers highly contextualized,
discipline-specific content directly aligns with students' professional trajectories. By giving
learners a sense of control over their progression and clear utility in their specific scientific
domains, the pedagogical environment actively nurtures their sense of autonomy and competence.
Consequently, integrating an Al-driven, learner-centric design serves as a catalyst for intrinsic
motivation, transforming language learning from an imposed institutional requirement into a self-

determined professional necessity.
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This ability to adapt is especially important in English for Specific Purposes (ESP)
settings. In typical university groups, students often have different starting skill levels, different
fields of study, and different professional goals. As a result, traditional, one-size-fits-all textbooks

are not made to meet the varied needs of all learners at once.
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Learner Profiling & Dynamic Needs Pedagogical Engine & Adapiation Rules
-———— - — >
Needs Analysis Triggers Prompt Personalized Content Generation

Figure 1: Conceptual Architecture of an Adaptive Learning System Showing the Interaction between the Domain Model,
Student Model, and Instructional Model

1.4 The Technology Acceptance Model (TAM)
The Technology Acceptance Model, developed by (Davis, 1989) and subsequently

extended by Venkatesh and Davis (2000), provides the theoretical framework for assessing
instructor adoption of the proposed system. TAM proposes that an individual’s intention to use a
technology, and actual usage behaviour, are determined principally by two perceptual variables:
Perceived Usefulness (PU) — the degree to which a person believes that using the technology will
enhance their job performance — and Perceived Ease of Use (PEOU) — the degree to which they
believe that using the technology will be free of effort.

TAM has been extensively validated across educational technology contexts. In a
systematic review of 71 TAM studies in education, (Davis, 1989) confirmed the robustness of the
PU-PEOU-acceptance chain and identified instructor demographics, technology experience, and
organizational support as significant moderating variables. More recent applications of TAM to
Al-powered educational tools — including intelligent tutoring systems and automated essay
scoring (Ramesh & Sanampudi, 2022), have confirmed PU as the dominant predictor of

acceptance, with PEOU exerting a significant but secondary effect. These findings informed the
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design of the TAM instrument used in this study to measure instructor acceptance of proposed

sytem.

1.5 The Research Gap

A synthesis of the literature reviewed above reveals a clear and significant research gap.
While substantial bodies of work exist on (1) ESP needs analysis methodology, (2) Al applications
in general language education, (3) adaptive learning systems, and (4) TAM-based technology
acceptance research, no study has integrated these four strands into a unified empirical
investigation of an Al-powered needs analysis and content generation system specifically

designed for the Algerian ESP context. The current study addresses this gap by:

* Designing an integrated two-module Al system that operationalizes the theoretical
connection between needs analysis and adaptive content generation.

» Validating the system’s outputs through both expert evaluation and controlled quasi-
experimental comparison.

* Measuring teacher acceptance using a validated TAM instrument adapted for Al-powered
pedagogical tools.

+ Situating all of the above within the specific institutional, linguistic, and professional

context of the University of Ghardaia, Algeria.

Chapter Two describes how these theoretical foundations were translated into the research

design and system architecture.
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2. System Architecture and Methodology

This chapter presents the conceptual design and architecture of the proposed system,
hereafter called TALEB-ESP (Tailored Al-driven Learning through Evidence-Based Bridging for
English for Specific Purposes), as well as its performance evaluation criteria. It discusses the
methodology employed to meet the research objectives, beginning with the research design,
participant recruitment, data collection instruments, and the various stages of the
quasi-experiment. The chapter also addresses ethical considerations during the data collection

process.

2.1 Description of the TALEB-ESP System
Based on the theories from Chapter One, the TALEB-ESP was built as a connected
teaching tool linking what students need with Al-created material. Here, we explain the reasoning,

structure, and main parts that make it work.

2.1.1 Conceptual Foundations of the TALEB-ESP System

The TALEB-ESP system was built around a simple but important idea from English for
Specific Purposes (ESP): teaching should respond directly to what learners actually need. Since
ESP became a recognised field in its own right, researchers such as (Hutchinson & Waters, 1987),
(Dudley-Evans & St John, 1998), and (Basturkmen, 2015) have repeatedly made the same point
— that good ESP teaching starts with a careful look at students” academic, professional, and
linguistic needs.

In practice, though, putting this idea into action is not always easy. Large class sizes, tight
schedules, and a lack of ready-made materials for specialised fields often stand in the way of truly
personalised ESP courses. That said, recent developments in artificial intelligence offer a way
forward. Al can help by automating parts of the needs analysis process and by generating
customised learning resources.

This is exactly what the TALEB-ESP system tries to do: create a direct link between what
learners need and what they are taught. Instead of treating needs analysis and materials
development as two separate steps, the system brings them together in an ongoing, adaptive cycle.
Learner requirements are identified first, and then those very requirements shape the content that
gets generated.

Conceptually, the system is built around two complementary modules:
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e Module 1: Al-Assisted Needs Analysis — this module collects, analyses, and synthesises
learner data to produce structured learner profiles.
e Module 2: AI-Driven Personalised Content Generation — this module turns those profiles

into customised ESP teaching materials.

Three theoretical perspectives discussed in Chapter One come together in the design of the
system: ESP needs analysis, adaptive learning, and personalised instruction. Needs analysis tells
us what learners need; adaptive learning shows us how to adjust content for each individual; and
artificial intelligence acts as the engine that links the two, making it possible to produce
personalised ESP materials efficiently and at scale.

Importantly, the system also follows a human-in-the-loop approach. Al assists with
decision-making and content generation, but the instructor stays firmly in charge. This way, the
speed and efficiency of Al are balanced by human pedagogical judgement, ensuring that the
materials are not only linguistically sound but also contextually appropriate and instructionally

relevant.

2.1.2 System Architecture Overview

The TALEB-ESP system uses a modular client-server architecture that supports
automating learner needs analysis and making personalized English for Specific Purposes (ESP)
materials. It includes artificial intelligence in its structure but keeps everything within a
pedagogical framework under the watchful eye of teachers. The systematic workflow and
sequential data flow mapping the interaction between these four structural layers are illustrated in
Figure 2: Sequential Architectural Workflow and Data Flow of the TALEB-ESP SystemFigure 2.
There are four parts working together:

Conceptually, TALEB-ESP consists of four interconnected elements:

1. Learner Data Collection Layer

2. Al-Assisted Needs Analysis Layer

3. AlI-Driven Content Generation Layer
4

Human Validation Layer

First off, the system gathers learner info. Students start by filling out a Needs Analysis
Questionnaire and a subject-specific pre-test online. Through these, we get both what the learners
think they need and how well they perform linguistically.

Afterwards, all this collected data moves on to the Al-Assisted Needs Analysis Module.

Here, the Al takes responses, combines them, and creates a detailed learner profile. This profile
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tells us about their skill level, the area of study, needed communication situations, key language
abilities, preferred learning methods, and motivators.

After the learner profile is created, it moves on to the Al-Driven Content Generation
Module. Here, a Large Language Model (LLM) turns the teaching details from the profile into
special English for Specific Purposes (ESP) materials. These tailor-made resources fit the
learner’s area of study, and match their language skills too.

Now, before anything gets to the students, the stuff goes through a Human Validation
Layer first. Teachers check it out and can say yes, make changes, add more info, or even reject it
based on what they think is best. This way, humans keep control over the quality and lower the
chance of issues that could pop up with automatic systems alone.

The whole setup follows the key idea behind TALEB-ESP: making materials based on
actually known needs of specific learners, not guesses. It links analyzing those needs, using Al to
adapt the lessons, and having teachers okay them, all in one go. This makes the teaching both

smart and focused on what the students really need.

Needs Analysis Teacher
Questionnaire Validation
(Human-in-the-Loop)

MODULE 1 Composite MODULE 2

——» Learner Profile L
(LLM Input Prompt)

Discipline-Specific Pre- Personalised ESP
Test Learning Materials

Figure 2: Sequential Architectural Workflow and Data Flow of the TALEB-ESP System
2.1.3 Al-Assisted Needs Analysis Module

This module puts into practice the needs analysis step that is central to ESP course design.
Long (2005) tells us that a good needs analysis involves systematically gathering information
about learners” goals, what they can already do, how they like to learn, and what they hope to
achieve professionally. These ideas are widely accepted in ESP teaching, but their implementation
can be challenging when dealing with large classes and limited time or resources.

To overcome this problem, TALEB-ESP uses two different sources of information instead

of just one. It combines a detailed questionnaire (which captures what learners believe they need)
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with a short preliminary diagnostic test (which provides a more objective picture of what they can
actually do). The combined use of these two sources provides a more complete and reliable picture

of each learner than a questionnaire alone could ever provide.

a) Needs Assessment Questionnaire

This questionnaire is designed to gather comprehensive information about learners”

academic, linguistic, and professional needs. It is divided into five areas:

- Target Situation Analysis: what learners will need to do in their future studies or jobs;

- Current Situation Analysis: what learners can already do in English and what they have
learned previously;

- Learning Preferences: how learners prefer to study, which formats they like, and what suits
them best;

- Affective Factors: how motivated they are, how confident they feel, and what their attitude
towards English is like;

- Domain-Specific Requirements: the particular linguistic requirements of their field of

study.

These five domains were chosen because they appear repeatedly in the literature on ESP,
particularly in the work of Hutchinson and Waters (1987), Dudley-Evans and St John (1998),
Long (2005), and Basturkmen (2010). Together, they provide a rich and comprehensive picture
of who the learner is and what they truly need.

The questionnaire mixes different question types: Likert scales, multiple-choice questions,
and open-ended questions. This combination allows the system to collect both concrete data and
personal stories—elements such as educational background, self-assessed English proficiency,
future career aspirations, priority language skills, subject-specific interests, and attitudes toward

Al-assisted learning.

b) The subject-specific diagnostic test

However, a self-assessment questionnaire primarily captures subjective data based on
learners” self-perceptions, which may not always accurately reflect their functional language
abilities. To establish a more immediate, objective baseline for the system, the TALEB-ESP

platform requires learners to complete a brief diagnostic placement test in conjunction with the
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questionnaire. This short, automated test requires approximately 20 to 25 minutes to complete and
is structured around two core linguistic areas:

Technical Vocabulary Tasks: Activities focusing on matching field-specific technical
terminology with corresponding definitions or selecting the linguistically appropriate lexical item
within a simulated professional context.

Professional Writing Tasks: Production of a short technical writing sample, such as
describing a discipline-specific process, interpreting basic data trends, or drafting a formal
technical summary tailored to the student’s scientific field.

The purpose of the short test is not to provide a comprehensive language assessment.
Rather, it’s a real-world test — an objective starting point that shows where learners actually stand.
This helps the system identify strengths and weaknesses that learners may not be aware of or that

are not mentioned in a questionnaire.

¢) From Raw Data to a Composite Learner Profile

Once the questionnaire and pretest are completed, the system processes both sets of data
to build a composite learner profile. It’s not simply a matter of adding up scores. Instead, it
combines information from all the different sources to create an integrated and realistic picture of

the learner. The resulting profile shows us:

- Current language proficiency — combining self-assessment and pretest performance;

- Disciplinary context — the learner’s field and specialization;

- Target academic and professional situations — what the learner needs to do in the future;

- Priority language skills — which skills (reading, vocabulary, writing, etc.) require the most

work.

2.1.4 AI-Driven Content Generation Module

In the TALEB-ESP system, the second module turns learner profiles into personalised ESP
teaching materials. While the first module focuses on identifying what students need, the second
acts on that information, turning data into practical classroom resources.

Built on adaptive learning principles, this module adjusts content based on who the
learners are, what they want to achieve, and where they currently stand. Rather than offering
one-size-fits-all lessons, it personalises the materials (Brusilovsky & Millan, 2007). In ESP
settings, this really matters because students vary a lot in terms of their fields, career aims,

language skills, and communication needs.

28



Once Module 1 generates the learner’s profile, the system converts it into a detailed
prompt. This includes key information about the student’s discipline, CEFR level, professional
goals, priority language skills, learning preferences, and areas of difficulty. The profile acts as a
pedagogical blueprint for the Large Language Model. Thanks to this, TALEB-ESP creates

personalised lesson sets that focus on writing and technical discourse. The package contains:

o specialised technical reading passages;

o discipline-specific vocabulary activities;

o textual comprehension and analytical tasks;
o guided professional writing assignments;

o contextualised grammar and language exercises.

A key feature of the system is its attention to disciplinary authenticity. The materials use
the specific terms, discourse conventions, and genres of each student’s own field. For example,
management students engage with business plans, strategic analysis reports, or process
dashboards; chemical engineering students receive process flow diagrams, safety statements, or
chemical reactor design specifications; and agriculture students work with soil analysis reports,
crop management studies, or agricultural extension publications. This alignment helps language
learning match what these students will face later in their careers (Hutchinson & Waters, 1987;
Dudley-Evans & St John, 1998).

The module also puts Krashen’s (1982) Input Hypothesis into practice (i + 1). It does not
just pick a fixed difficulty level and stick to it. Instead, the system tailors the material to challenge
each learner without overwhelming them — avoiding both boredom and cognitive overload.

TALEB-ESP has a distinctive way of ensuring that content is not driven only by what
students think they want. It uses both the needs analysis questionnaire and the objective pre-test
to get a fuller picture. By looking at both sides, the system can address perceived needs alongside
actual language gaps. In this way, the materials strike a balance between what students desire and
what they truly require.

Finally, TALEB-ESP includes a strong "human-in-the-loop" framework to maintain
quality. Every piece of Al-generated material is reviewed by an instructor before classroom use,
thanks to an online review system. This allows teachers to approve, modify, enrich, or reject any
output based on their professional experience. TALEB-ESP is not designed to replace teachers;
rather, it aims to reduce their workload while still relying on human expertise and local knowledge.
Combining Al efficiency with careful teacher oversight is a core principle of how TALEB-ESP is
built.
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2.1.5 Human Validation and Pedagogical Oversight

Although contemporary Large Language Models (LLMs) demonstrate remarkable
capabilities in text generation, adaptation, and language processing, concerns regarding factual
accuracy, pedagogical appropriateness, disciplinary authenticity, and contextual relevance remain
widely acknowledged in the literature on Artificial Intelligence in Education (AIEd).
Consequently, fully autonomous content generation is not yet considered an appropriate solution
for most educational contexts.

To address these limitations, the TALEB-ESP system incorporates a human-in-the-loop
validation mechanism. Before any instructional material is delivered to learners, it undergoes
instructor review and approval. This validation stage constitutes an integral component of the
system architecture rather than a supplementary quality-control procedure.

Teachers retain full authority to:

* Approve generated materials;

* Modify learning activities;

* Adjust linguistic complexity and task difficulty;

* Reject unsuitable outputs;

* Enrich content with additional pedagogical resources;

» Contextualise materials according to local educational requirements and classroom

realities.

This design reflects the position adopted throughout the present study that artificial
intelligence should augment rather than replace teacher expertise. Within TALEB-ESP, Al
assumes responsibility for the time-intensive aspects of materials development, including
analysing learner profiles, adapting content, and generating instructional resources. The instructor,
however, remains responsible for pedagogical decision-making, quality assurance, and classroom
implementation.

From this perspective, the role of Al is comparable to that of an intelligent pedagogical
assistant rather than an autonomous instructor. The system increases efficiency and scalability
while preserving the professional judgement that remains essential to effective ESP instruction.
This balance between automation and human oversight is particularly important in ESP contexts,
where disciplinary accuracy, contextual appropriateness, and alignment with learners™ specific

communicative needs constitute fundamental pedagogical requirements.

2.2 Research Design
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This study employs a quasi-experimental mixed-methods design within a pragmatic
epistemological paradigm. The quasi-experimental approach was selected because random
assignment of participants to experimental and control conditions — the hallmark of true
experimental design — was not feasible in the naturalistic university classroom setting, where
intact class groups constitute the units of sampling and instruction (Creswell & Creswell, 2017).
A non-equivalent control group design was therefore adopted, with pre-test scores serving as the
primary statistical control for pre-existing differences between groups in the inferential analysis.

The mixed-methods dimension of the design integrates quantitative data (pre-test and post-
test scores, needs analysis agreement rates, expert evaluation scores, TAM ratings, and efficiency
metrics) with qualitative data (semi-structured teacher interviews and open-ended student
satisfaction responses) in a convergent parallel model. Quantitative and qualitative data were
collected simultaneously during the same intervention period and subsequently integrated at the
interpretation stage, with qualitative findings used to explain and contextualize quantitative

outcomes (Creswell & Clark, 2017).

2.3 Participants and Setting

The purpose of this part of the study is to outline the institution at which the research takes
place and the characteristics of both the students involved in the experiment and the expert panel
members. The necessary characteristics that will ensure the validity of the quasi-experiment are

outlined.

2.3.1 Setting

The present study takes place at the Universit¢ de Ghardaia — a state-run institution
established in southern Algeria in 2012 by Executive Decree No. 12/248 following its previous
status of a university center since 2005 (Executive Decree No. 05/302). The total institutional area
covered is 30 hectares, and there are ongoing efforts to accommodate more than 10,000 places for
students in its growing educational establishments. At this time, there are six different faculties at
the university, with particular strength in science, technology, economics, and management,

disciplines that generate high demand for technical and professional ESP instruction.

2.3.2 Participants

An initial purposive sample of 80 first-year undergraduate students is selected from three
faculties: the Faculty of Science and Technology, the Faculty of Natural and Life Sciences and

Earth Sciences, and the Faculty of Economic, Commercial and Management Sciences. These
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students are enrolled in compulsory ESP courses during the second semester of the 2025-2026
academic year. After strict selection based on institutional inclusion criteria (attendance of >
80%; participation in both pre and post-tests and providing written informed consent), an
analytical sample of 75 students (38 in experimental and 37 in control groups) is selected. This
shows a slight drop-out rate of 6.25% which falls into the acceptable range of dropouts for quasi-
experimental studies in education (Anderson-Cook, 2005). The participating students were chosen
among students from three relevant areas of study: Science and Technology (n = 29);
Economic, Commercial and Management Sciences (n = 26); Natural and Life Sciences and
Earth Sciences (n = 20).

Gender is represented by 54.7% females and 45.3% males, the average age of the
participants of the study is 19.3 years. There are no statistically significant pretest differences
regarding demographic factors or language skills between the experimental and control groups,
indicating comparable conditions before intervention. Besides, a total pool of seven domain-
specific experts will participate in the stage of expert evaluation, including one internal expert of
the University of Ghardaia and six external experts from other partner Algerian universities. While
all seven experts are utilized to establish the baseline for the needs-analysis comparison, a selected
sub-group of five expert evaluators from this panel will perform the formal rubric evaluation of
the Al-generated teaching units. Four ESP lecturers will take part in the assessment of the

technology’s efficacy using the TAM scale and the semi-structured protocol of assessment.

2.4 Data Collection Instruments
Four specific data collection instruments are employed in this study to triangulate the

empirical findings and ensure cross-methodological validity:

2.4.1 The Pre-Test and Post-Test

Parallel versions of a 100-point language proficiency test are designed to evaluate core
discipline-specific textual and written literacies. The assessment is structured across three core

competencies:

o Text Comprehension and Analysis (40 points): targets two authentic, field-specific texts
per test, accompanied by advanced comprehension exercises and contextual vocabulary

tasks.
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e Mastery of Technical Vocabulary and Grammar (30 points): utilizes multiple-choice
questions and gap-fill activities based on the Academic Word List (AWL) and scientific
syntactic registers.

o Professional Writing (30 points): requires a short guided technical writing task, evaluated

via a validated five-criteria rubric.

Two English for Specific Purposes (ESP) specialists reviewed both test versions to verify
parallel equivalence and content validity. To guarantee reliability in the subjective writing
component, a double-marking protocol was managed by two trained examiners scoring each script

independently, achieving high inter-rater consistency (weighted Cohen’s k = .82).

2.4.2 Expert Evaluation Grid for Educational Content

A 6-dimension, 5-point Likert scale rubric is deployed to assess the pedagogical quality of

the Al-generated instructional modules across six core criteria:

Disciplinary Authenticity: the extent to which content reflects real-world scientific and

professional contexts.

Linguistic Appropriateness: CEFR level accuracy, grammatical control, and vocabulary

range.

Pedagogical Quality: clarity of instructions and task scaffolding.

CEFR Alignment: precision of structural targeting.

Cultural Relevance: appropriateness within the Algerian university framework.

Overall Usability: feasibility of classroom implementation.

Following a rigorous norming session with evaluators, the rubric demonstrated strong
psychometric robustness, yielding Content Validity Indices (CVI >.85) and high inter-rater
reliability (ICC =.87).

2.4.3 Student Satisfaction and Motivation Questionnaire

A 20-item psychometric instrument is administered to evaluate student experiences. The

questionnaire measures three distinct subscales:

o learner satisfaction with the personalized TALEB-ESP interface (8 items);
e situational motivation and engagement during the instructional intervention (7 items);

o the perceived academic usefulness of the personalized content (5 items).
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The internal consistency of this instrument proved highly satisfactory, achieving a

Cronbach’s a = . 81.

2.4.4 TAM Instructor Questionnaire and Time-Tracking Log

To evaluate faculty adoption, a 16-item Technology Acceptance Model (TAM)
questionnaire utilizing a 5-point Likert scale is adapted from (Venkatesh & Davis, 2000). This
tool evaluates Perceived Usefulness (8 items) and Perceived Ease of Use (8 items) within the Al-
assisted environment.

Crucially, this instrument is paired with an empirical Time-Tracking Log, where
instructors record lesson preparation timelines (in minutes) across both conventional teaching
workflows and TALEB-ESP implementation. Finally, a semi-structured interview guide
consisting of 12 open-ended prompts complements this layer to elicit rich qualitative insights

regarding instructor experiences and daily workflow practices.

2.5 Experimental Procedure

The teaching intervention and data collection schedule covers a nine-week period, from
January to March 2026. Before the fieldwork, several important preparatory and administrative
steps are completed to make sure the methods and the institutional setup are sound. First, the
parallel versions of the pre-test and post-test undergo a careful structural review by two ESP
specialists to confirm content validity and to check that the two test versions are equivalent.
Second, participant onboarding begins: formal collaboration invitations are sent by email to senior
ESP faculty members, while student volunteers are recruited across campus using informational
posters with built-in QR codes and through academic social media announcements. Before any
data is collected, all participating students read and sign an informed consent form that guarantees
full data anonymity and the right to withdraw voluntarily. After these steps, students are assigned
to their respective groups, and individual login details for the TALEB-ESP digital platform are
created for the experimental group participants. The fieldwork then proceeds through three

progressive, sequential phases:

2.5.1 Phase I: Before the Intervention (Week 1)

This initial phase establishes both the empirical baselines for the research design and the
algorithmic inputs for the system through a combination of traditional and digital assessment

methods:
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In-Class Paper-Based Pre-Test (All 75 Participants): To accurately evaluate initial
language proficiencies, all students across both the experimental and control groups complete an
identical pre-test. This examination is administered on paper under standardized, strict academic
conditions for 90 minutes, proctored jointly by the researcher and the designated ESP course
instructor.

On-Platform Digital Diagnostic (Experimental Group Only): Concurrently, the
participants in the experimental group access the TALEB-ESP digital interface. To ensure
logistical flexibility, students can complete this phase either during dedicated laboratory sessions
or asynchronously outside of class (e.g., from home). Within the platform, they complete two core

components:

e An online Needs Analysis Questionnaire (20 minutes).

e An automated, Subject-Specific Diagnostic Placement Test (20 to 25 minutes).

While the control group continues with the standard program, the raw numerical data from
the experimental group (questionnaire + placement test) is immediately processed in real time by
Module 1 of the TALEB-ESP system. By cross-referencing what the students themselves report
with the objective results measured by the platform, the module automatically builds a
personalized learning profile for each participant. These profiles then serve as a blueprint for

generating tailored content in the next phase.

2.5.2 Phase 2: The Pedagogical Intervention (Weeks 2 to 7)

The classroom teaching lasts six weeks in a row. During this time, both groups follow the
exact same weekly schedule. To make sure the comparison is fair and that the teacher does not
affect the results, for each specialty, the same ESP instructor teaches both the experimental and
the control groups.

The Experimental Group (38 students): In each session, the teacher presents, runs, and
guides interactive classroom activities using custom teaching modules that are automatically
created by Module 2 of the platform. These modules are carefully tailored to match each student’s
specific field of study.

The Control Group (37 students): This group follows the regular university program. The
teacher delivers the course using traditional, non-personalized materials taken from standard ESP

textbooks and existing institutional resource banks.
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2.5.3 Phase 3: Post-intervention — assessments (weeks 8 and 9)

Week 8 — Student assessment

After the teaching period ends, all 75 participants take the post-test. This is a parallel
version of the pre-test, designed to be the same in structure, content, and difficulty level. Just like
the pre-test, this assessment is given in a 90-minute session and measures how well students
perform on the targeted ESP language skills.

Right after the test, students in the experimental group answered a 20-minute Student
Satisfaction and Motivation Questionnaire. The goal of this questionnaire was to find out what
learners thought about the TALEB-ESP system, including how engaged they felt, how satisfied
they were with the personalized materials, and how useful they found the learning experience.

Week 9 — Teacher and Expert Evaluation

In the last week of the study, the teacher who ran the intervention filled out the Technology
Acceptance Model (TAM) questionnaire. This questionnaire measured what the teacher thought
about how useful and easy to use the system was. The teacher also handed in a time-tracking
logbook that recorded lesson preparation time both when using TALEB-ESP and when not using
it.

To add more detail to the numbers, a semi-structured interview lasting about 30 to 45
minutes was held with the teacher. The interview aimed to get a deeper understanding of the real
benefits, challenges, and overall experience of using the system for ESP teaching.

At the same time, seven outside ESP specialists took part in the expert evaluation. Each
expert received a sample of ten teaching units created by TALEB-ESP. To reduce any bias in the
evaluation, they were not told where the materials came from (blind evaluation). Using the Expert
Content Evaluation Rubric, the experts independently judged the teaching quality of the generated
materials based on: disciplinary authenticity, language appropriateness, teaching value, alignment

with the CEFR, cultural relevance, and how easy they are to use in the classroom.

2.6 Data Analysis Plan

To test the research hypotheses and bring together the findings from different sources, the
data is analyzed using two approaches: one for numbers (quantitative) and one for words

(qualitative).

2.6.1 Quantitative Data Analysis

Numerical data is processed and analyzed using IBM SPSS Statistics:
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2.6.2

Needs analysis accuracy (H1): To answer RQ, agreement rates are calculated as the exact
percentage of matches between the learner profiles automatically generated by the system
and the independent manual assessments made by experts, across all participants. This
tests the hypothesized 80% threshold.

Content quality verification (H;): To answer RQ,, evaluation scores from the expert
rubric are combined. Mean scores (M) are calculated across all raters and all dimensions
to check whether the teaching quality reaches the hypothesized minimum baseline of 4.0
on the 5-point scale.

Learning outcomes (H3): To answer RQ3, the main analysis of students” language
progress uses an Analysis of Covariance (ANCOVA). The post-test scores are the outcome
(dependent variable), group membership (experimental versus control) is the fixed factor,
and pre-test scores are added as a control to account for starting differences between
students. Before running the ANCOVA, the assumption of equal regression slopes is
checked and confirmed (p =.431). Effect sizes are calculated using partial eta squared
(p?) and are interpreted based on Cohen’s (1988) criteria: small (=. 01), medium (=. 06),
and large (=.14).

Student motivation and engagement (H4): To answer RQy,, data from the 20-item student
questionnaire (psychometric) are analyzed using descriptive statistics (M, SD).
Independent samples t-tests are performed to compare the average motivation and
engagement scores between the experimental and control groups.

Instructor adoption and efficiency (Hs): To answer RQs5, a two-part analysis is carried out.
First, data from the Technology Acceptance Model (TAM) instruments are analyzed using
descriptive statistics (M, SD) to check whether the perceived usefulness reaches the >
4.0 threshold. Second, material preparation efficiency is determined by calculating the
percentage reduction in logged preparation time (in minutes) from the regular teaching
phase (baseline) to the active intervention phase. This tests the hypothesized 50% time-

saving threshold.

Qualitative Data Analysis

To add depth to the quantitative findings for RQs, qualitative insights from the semi-

structured instructor interviews are analyzed thematically by following (Braun & Clarke, 2006)

six-step reflective thematic analysis method. To ensure trustworthy interpretation and consistency

between coders, two researchers independently review the interview transcripts to create initial
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codes. These codes are then discussed, improved, and grouped into final analytical themes through
a collaborative process. Direct quotes from the interviews are included in the findings chapter to

support and explain the thematic interpretations.
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3. Results and Discussion

3.1 Accuracy of the AI Needs Analysis (H1)
3.1.1 Quantitative Findings

To check the teaching accuracy of Module 1’s automated needs analysis, the learner
profiles generated by the Al for the participants (n = 75) were compared step by step against
independent manual assessments done by a senior ESP specialist. The expert was given the same
raw trilingual questionnaire data that the Al system processed, and was asked to create structured
learner profiles using the same profiling categories, without seeing the Al-generated results.

The agreement between the Al-generated and expert-generated profiles was calculated as
the percentage of profile items across all five dimensions of the tool where both the Al and the
expert gave identical or essentially the same category. The overall average agreement rate reached
87.2% (SD = 4.2\%), which successfully exceeded the pre-set success threshold of 80% stated in
Hypothesis Hi, thus providing proof for the hypothesis. Table 1 shows the agreement rates broken

down by specific questionnaire dimensions.

Questionnaire Dimension Items (n) Agreement Rate (%) SD
Target Situation Analysis 8 91.2 3.1
Present Situation Analysis 7 88.6 4.0
Learning Preferences 6 84.3 5.2
Affective Factors 7 82.1 5.8
Domain-Specific Requirements 7 89.7 3.7
Overall 35 87.3 4.2

Table 1: AI Needs Analysis Accuracy: Agreement Rates by Questionnaire Dimension

The highest agreement was seen in the “Target Situation Analysis” (TSA) dimension
(91.2%), which shows the high language and professional specificity of these items. Questions
that ask learners to identify concrete target communication tasks—such as reading technical
manuals or analyzing industry case studies—are easy to categorize clearly and by rules, for both
the human expert and the Al analyzer.

On the other hand, the lowest agreement occurred in the “Affective Factors” dimension
(82.1%). This lower rate matches what is expected in psychometric and language learning
research, because subtle emotional states, language anxieties, and motivational expressions found
in open-ended questions are naturally more unclear and harder to interpret from text alone without

human teaching intuition.
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3.1.2 Qualitative Findings

Qualitative examination of the 12.7% of items where disagreement occurred revealed two
primary sources of discrepancy: first, cases where the Al categorized ambiguous open-ended
responses more conservatively than the expert (who applied contextual inference); and second,
cases involving culturally specific references that the Al correctly categorized but with less

contextual elaboration than the expert’s manual interpretation.

3.2 Pedagogical Quality of AI-Generated Content (H2)

Twelve Al-generated teaching units, Four from each of the three targeted discipline, were
distributed to the five expert evaluators, representing the specialized sub-group selected from the
overall seven-expert panel. Each evaluator assessed the full set of twelve units using the Expert
Content Evaluation Rubric, producing a total of 60 rubric completions. Mean scores by dimension

and overall are presented in Table 2.

Evaluation Dimension M SD Min—-Max
Disciplinary Authenticity 4.38 0.51 3-5
Linguistic Appropriateness 4.21 0.48 3-5
Pedagogical Quality 4.05 0.62 3-5
CEFR Alignment 4.18 0.55 3-5
Cultural Relevance 3.94 0.71 2-5
Overall Usability 4.31 0.49 3-5

COMPOSITE MEAN 4.18 0.56 -

Table 2: Expert Evaluation of AI-Generated Content (N = 5 evaluators, 12 units, 5-point scale)

The composite mean quality score of 4.18 (SD = 0.56) substantially exceeds the a priori
threshold of 4.0 established in H2, confirming Hypothesis H2. Expert evaluators rated
Disciplinary Authenticity highest (M =4.38), a finding that validates the design decision to anchor
content generation prompts in authentic professional scenarios. The lowest-rated dimension was
Cultural Relevance (M = 3.94), reflecting evaluators” observations that while the Al produced
contextually appropriate content in the majority of cases, occasional references to professional
settings more typical of Western industrial contexts detracted from full cultural integration. This
finding has direct implications for the system’s further development, specifically the need to
augment the prompt engineering with a richer library of Algerian professional context exemplars.

Representative expert commentary included the following observations: “The reading

passages are more authentic in their register and genre conventions than most textbooks I have
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reviewed”; “The vocabulary selection in the units accurately targets the most frequent technical
terms in the AWL and discipline-specific lists”; and “Pedagogical task design would benefit from
more explicit scaffolding for lower-achieving learners, though the overall quality is
commendable.” These qualitative endorsements, alongside the quantitative scores, provide strong

evidence for the pedagogical viability of Al-generated ESP content.

3.3 Impact on Learning Qutcomes (H3)

3.3.1 Descriptive Statistics: Pre-Test and Post-Test

Table 3 presents descriptive statistics for pre-test and post-test scores for both the
experimental and control groups. Pre-test scores were statistically equivalent across groups (t(73)
=0.27, p = .790), confirming that the two groups were comparable at baseline — a prerequisite

for valid ANCOVA interpretation.

Group N Pre-Test M Pre-Test SD Post-Test M Post-Test SD
Experimental 38 41.8 7.9 61.4 7.2
Control 37 42.3 8.1 47.6 8.4
Total 75 42.0 8.0 54.6 9.8

Table 3: Descriptive Statistics: Pre-Test and Post-Test Scores (out of 100)
The experimental group demonstrated a mean gain of 19.6 points (from 41.8 to 61.4),
compared to a mean gain of 5.3 points in the control group (from 42.3 to 47.6). This represents a
substantially larger improvement in the experimental group, even before controlling for pre-test

differences.

3.3.2 ANCOVA Results

The ANCOVA results, presented in Table 4, reveal a highly significant main effect of

group membership on post-test scores after controlling for pre-test performance.

Source SS df MS F p n?
Pre-Test (Covariate) 1,847.3 1 1,847.3 52.14 <.001 420

Group 2,425.1 1 2,425.1 68.47 <.001 487

Error 2,551.2 72 354

Total 6,823.6 74

Table 4: ANCOVA Results: Effect of Group on Post-Test Scores (Controlling for Pre-Test)
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The ANCOVA revealed a statistically significant main effect of group on post-test scores,
F(1,72) =68.47, p <.001, partial n* = .487. This large effect size — substantially exceeding the
conventional threshold of .14 for a large effect — indicates that group membership alone
accounted for approximately 48.7% of the variance in post-test scores, after removing the
contribution of pre-test performance. This finding unambiguously confirms Hypothesis H3.

The corresponding Cohen’s d effect size was calculated as d = 1.82, an exceptionally large
effect that compares favourably with — and in fact exceeds — effect sizes reported in systematic
reviews of intelligent tutoring systems (Ma et al., 2014: d = 0.76) and Al-assisted language
learning (Golonka et al., 2014) d = 0.53. This finding suggests that the combination of
personalized needs analysis and tailored content generation produces a synergistic instructional
effect that exceeds the sum of its individual components.

Skill-level analysis revealed that the largest gains in the experimental group were observed
in Reading Comprehension (experimental gain: +8.4 points vs. control gain: +2.1 points) and
Writing (experimental gain: +6.8 vs. control: +1.4), consistent with the hypothesis that domain-
specific authentic texts and scaffolded genre-based writing tasks — the primary outputs of Module
2 — most directly target these skills. , while significant, were more modest, a finding attributable
to the greater challenge of generating and delivering authentic audio materials in the school

setting.

3.4 Motivation and Engagement (H4)

Student motivation and engagement scores were measured via the 20-item satisfaction

questionnaire administered at the end of the intervention. Table 5 summarizes the key findings.

Questionnaire Subscale Items EXP M CTR M Cohen’s d
Satisfaction with Materials 8 4.31 3.07 1.64
Motivation & Engagement 7 4.18 3.14 1.41

Perceived Usefulness of Content 5 4.42 3.25 1.79
Overall Satisfaction 20 4.29 3.15 1.61

Table 5: Student Satisfaction and Motivation Scores by Group (5-point scale; EXP = Experimental, CTR = Control)
Experimental group students reported significantly higher satisfaction (M = 4.29) and
motivation (M = 4.18) compared to control group students (M = 3.15 and M = 3.14 respectively).
The overall satisfaction rate in the experimental group — defined as the percentage of students
responding “Agree” or ‘strongly Agree” to the global satisfaction item — was 84.2%, compared

to 37.8% in the control group. These findings confirm Hypothesis H4.
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Qualitative responses revealed recurring themes of relevance (“The texts were about things
I actually study”), authenticity (“For the first time, I felt the English was useful for my future
job”), and increased confidence (“I could recognise words I had read in my technical subjects™).
These themes converge on the theoretical insight that content relevance — when enabled by
personalized needs analysis — is a primary driver of both motivation and language acquisition in

ESP contexts.

3.5 Teacher Acceptance and Efficiency (HS)

3.5.1 TAM Results

The four participating ESP instructors completed Technology Acceptance Model (TAM)
questionnaire following the six-week intervention. The quantitative results are structured and

presented in Table 6.

TAM Dimension Items M SD Min—Max

Perceived Usefulness (PU) 8 4.21 0.31 3.88-4.63

Perceived Ease of Use (PEOU) 8 3.89 0.44 3.38-4.25
Behavioural Intention to Use - 4.13 0.38 -

Table 6: TAM Scores: Instructor Perceptions of the TALEB-ESP System (N = 4, 5-point scale)

Mean Perceived Usefulness scores of 4.21/5.0 successfully exceeding the quantitative
success baseline of 4.0 specified in Hypothesis H5, thereby partially confirming the teacher-side
hypothesis. Perceived Ease of Use scores (M = 3.89) were lower, reflecting the learning curve
associated with the system’s dashboard and prompt customization features, but remained in the
positive range (above the midpoint of 3.0). Behavioural Intention to Use was also positive (M =
4.13), suggesting that all four instructors indicated willingness to integrate the system into their
future teaching practice.

Thematic analysis of the follow-up semi-structured interviews with the instructors yielded
three principal qualitative themes:

Theme 1: Time Liberation. All four instructors described the system as fundamentally
liberating in terms of material preparation time: “Previously, I spent several hours each week
creating worksheets. With this system, I spend thirty minutes reviewing what the Al produced and
I am done” (Instructor 3).

Theme 2: Quality Assurance Concerns. Two instructors expressed residual concern about

occasional imprecision in technical terminology: “The Al sometimes uses terms that are
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theoretically correct but not the ones our students will encounter in their textbooks”. This feedback
highlights minor contextual mismatches, reinforcing the expert content evaluation findings.
Theme 3: Student Engagement Observation. All instructors noted a marked increase in
student participation and on-task behaviour during ESP sessions: “Students were actually asking
me to do more technical reading exercises, that had never happened before in my previous years

of teaching” (Instructor 1).

3.5.2 Efficiency Metric

Measuring lesson preparation time poses a significant methodological challenge, as
material adaptation is an inherently fluid, non-linear, and cognitive process. During this study,
several practical difficulties emerged: instructors frequently adapted materials intermittently
outside of formal working hours, found it complex to separate pure content generation from
general lesson planning, and encountered logistical fatigue when maintaining a minute-by-minute
logbook over a continuous ten-week period. Consequently, it must be acknowledged from the
outset that the quantitative data gathered carries an inherent margin of approximation, and these
metrics cannot be considered absolute or laboratory-precise.

Nevertheless, to evaluate the time-saving claims asserted in Hypothesis H5 and to gain a
reliable global overview of the workflow, tracking logs were utilized. While four instructors (N =
4) participated in the broader pedagogical intervention and overall evaluation, only three of the
teaching instructors consistently maintained these regular tracking logs, as one participant was
unable to fulfil the logbook entries due to unexpected administrative constraints. Based on these
three active empirical estimations, the mean weekly preparation time dropped from a conventional
baseline of 11.8 hours per week to approximately 4.1 hours per week during the digital
intervention.

This shift represents an estimated 65,5% reduction in workload. While these figures serve
as a perceptual indicator rather than an exact mathematical certainty, they provide clear evidence
of a substantial time optimization. This global trend strongly validates the operational spirit of
Hypothesis HS, demonstrating that automating the needs analysis and content generation loop
successfully alleviates the heaviest operational burdens of manual ESP material design.

On a broader academic scale, even when accounting for the noted approximations, a
weekly saving of over 7 hours remains highly consequential. Replicated across an academic year,
this efficiency gain allows faculty members to reclaim significant time that can be more
productively reinvested into providing detailed student feedback, pursuing action research, and

fostering pedagogical innovation within the University.
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3.6 Synthesis and Discussion

Taken together, the findings reported throughout this empirical chapter present a coherent
and compelling evidentiary picture: the TALEB-ESP platform demonstrably fulfills its
pedagogical and technical mandates. The automated needs analysis achieves high structural
accuracy relative to human expert judgment. The Al-generated content consistently meets, and in
several core dimensions fully satisfies, the rigorous pedagogical quality benchmarks established
by domain experts. Furthermore, students exposed to personalized, Al-driven instruction
demonstrate significantly larger learning gains than their peers receiving conventional, non-
tailored instruction. This statistical progression is mirrored by a marked increase in student
motivation, classroom engagement, and perceived material relevance. Finally, their instructors—
while navigating an initial technical learning curve—perceive the system as highly useful and
express a clear, definitive intention to permanently integrate the platform into their future teaching
practice.

These findings are theoretically consistent within the established frameworks reviewed in
Chapter One. The substantial learning outcome effect aligns directly with Krashen’s (1982) Input
Hypothesis: personalized, field-specific content, by definition, is more precisely calibrated to each
cohort’s current competence and target occupational needs, thereby maximizing comprehensible
input at the optimal challenge level (i + 1).

Similarly, the motivation findings strongly validate Self-Determination Theory (Deci &
Ryan, 2000): learning materials that speak directly to the students” professional future,
disciplinary identity, and localized environment systematically enhance both intrinsic motivation
and identified regulation. On the faculty side, the TAM results confirm Davis’s (1989) original
assertion that Perceived Usefulness (PU) remains the dominant driver of technology acceptance
in professional educational settings, outweighing initial friction caused by technical management
or prompt engineering.

Two distinct limitations deserve explicit acknowledgment. First, while the quantitative
metrics indicate a substantial optimization of workflow efficiency, the tracking of lesson
preparation time encountered inherent real-world approximations. Because instructional design is
a fluid and non-linear cognitive process, the recorded 65.5% workload reduction serves as a strong
empirical indicator of the instructors” perceived efficiency gains rather than an absolute
mathematical certainty. Additionally, the small instructor sample (N = 4) limits the statistical
generalizability of the TAM findings, warranting a larger-scale follow-up study with a broader

representative sample of Algerian university ESP instructors.
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Second, the six-week active intervention window, while methodologically sufficient to
detect immediate proficiency differences, does not allow for definitive conclusions regarding the
long-term sustainability of these linguistic gains over time. A follow-up research design
incorporating a delayed post-test (at three and six months) would significantly strengthen causal

inference regarding the system’s long-term cognitive impact.
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4. General Conclusion

This thesis set out to design, test, and confirm the value of an Al-powered teaching
system—TALEB-ESP—that can automatically analyze learners” needs and create personalized
English for Specific Purposes (ESP) lessons at the University of Ghardaia, Algeria. The research
answered five main questions using a careful quasi-experimental design that mixed numbers and
words, involving 75 undergraduate students, seven field experts, and four ESP teachers over a six-

week classroom period.

4.1 Summary of Findings

The main findings can be summed up as follows:

First, the automatic needs analysis part (Module 1) agreed 87.2% of the time with a human
expert’s manual analysis. This confirms that Al-driven profiling of structured student answers can
reliably map out subject-specific language needs with accuracy close to that of human specialists
(RQ4, H4 confirmed).

Second, expert ratings of the Al-generated ESP content gave an average quality score of
4.18 out of 5.0, with especially high marks for Disciplinary Authenticity and CEFR Alignment.
This shows that the content generation module consistently meets the high-quality standards set
by domain experts (RQ,, H, confirmed).

Third, and most importantly, students in the experimental group scored significantly
higher on the final language test than students in the control group. The ANCOVA analysis
showed a very large effect: F(1,72) = 68.47, p <.001, partial n?> =.487, Cohen’s d = 1.82.
This finding clearly confirms that teaching with TALEB-ESP produces much better learning
results than traditional textbook-based teaching (RQ3, H3 confirmed).

Fourth, students in the experimental group reported much higher motivation, engagement,
and sense that the content was relevant to them—with a positive satisfaction rate of 84.2%. This
supports the idea that personalized, subject-relevant content directly drives students” inner
motivation to learn a language (RQ4, H4 confirmed).

Fifth, teacher feedback showed highly positive acceptance of the technology, with an
average Perceived Usefulness score of 4.21 out of 5.0 on the TAM questionnaire, together with
an estimated 65.5% reduction in weekly time spent preparing materials (RQs5, Hg confirmed).

In short, all five hypotheses were confirmed by the data. These results strongly support the
main claim of this thesis: that tightly connecting automatic needs analysis with tailored content

generation greatly improves ESP learning outcomes, increases student engagement, and
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significantly reduces the manual preparation workload for teachers—while still maintaining full

teaching quality standards.

4.2 Pedagogical Recommendations

Based on what was learned from this study, the following evidence-based
recommendations are addressed to ESP teachers, institutional administrators, and Algerian
education policymakers.

For ESP teachers: Needs analysis must be treated as an essential, mandatory starting point
for all ESP course design. The TALEB-ESP system provides a practical, low-cost way to carry
out this diagnostic step on a large scale. Teachers are strongly encouraged to use the Al-generated
units as an optimized starting structure, but then to apply their own professional review—not to
use the Al as a replacement for human teaching judgment—especially when it comes to local
technical terms and context-specific relevance. The human-in-the-loop design of the system
explicitly supports this collaborative model.

For institutional administrators: Universities should actively invest in giving language
teachers access to tested Al-assisted teaching tools as part of the broader digital transformation of
higher education in Algeria. The large gains in efficiency and reduction in workload documented
in this research provide a strong cost-benefit reason for institutions to adopt such tools. Tailored
professional development programs should be put in place to ensure that teachers develop the
digital skills and the ability to write good prompts needed to work effectively with generative
content systems.

For Algerian policymakers: The Ministry of Higher Education and Scientific Research
should consider including personalized Al-assisted ESP systems in the national digital
transformation agenda, possibly through a centrally funded infrastructure accessible to all
Algerian universities. The TALEB-ESP platform, with its proven classroom effectiveness and a
clear path toward commercial development, represents a promising home-grown solution.
Adopting such systems can reduce national dependence on expensive imported EdTech licenses

while effectively filling a critical teaching gap in local language education.

4.3 Limitations and Future Research

Several limitations of the current study should be acknowledged to guide future scientific
research:

First, the student sample, while large enough to detect the reported effects statistically,

came from only one university and covered only three academic fields. This limits how easily the

48



findings can be generalized to other geographical regions or different institutional cultures. Future
studies should repeat this method across multiple Algerian universities and include a wider range
of ESP domains, including Medical English and Business English.

Second, the time-tracking logs used to measure teacher workload faced practical
difficulties because lesson preparation is a non-linear, cognitive activity. Therefore, the reported
65.5% workload reduction should be seen as an estimate of perceived efficiency rather than an
exact mathematical fact.

Third, the system’s performance on local cultural relevance—the lowest-scoring
evaluation sub-dimension—shows a clear need for ongoing refinement of prompt engineering and
for building a corpus of Algerian-specific academic and professional texts. This would improve
the contextual grounding of future content generated by the system.

Fourth, the current system does not fully eliminate the risk of "hallucination" or technical
inaccuracies that are inherent to Large Language Models. While the human-in-the-loop
verification step successfully reduces this risk in practice, future versions of the platform must
integrate domain-specific knowledge bases and Retrieval-Augmented Generation (RAG) models
to enforce automatic fact-checking.

Fifth, the six-week teaching period did not allow an assessment of how long the language
gains would last. Including a delayed post-test (given three to six months after the intervention)
in future studies would greatly strengthen evidence about long-term memory retention and lasting

proficiency.

4.4 Final Concluding Remarks

This thesis has shown that bringing together applied linguistics and artificial intelligence
has the power to transform ESP education, even in academic settings with limited resources. The
TALEB-ESP system is not just a theoretical idea; it is a working, data-validated teaching tool
ready for systematic use. It is our firm belief that fair access to high-quality, personalized language
instruction made possible by this technology represents not only an academic achievement but

also a meaningful, scalable contribution to educational fairness and innovation in Algeria.
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Declaration of Artificial Intelligence Use

In the preparation of this dissertation, Artificial Intelligence (Al) tools, including ChatGPT
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