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Abstract

This study examined the implementation and instructional effectiveness of a multimodal
AI-supported instructional framework integrating a generative AI assistant (Microsoft
Copilot) with a speech-recognition-based mobile learning application (Mondly) to support
productive vocabulary development in EFL higher education. Unlike studies focusing on
single AI tools, this study evaluates a coordinated dual-module instructional configuration
combining LLM-based lexical support with ASR-based spoken retrieval practice within a
structured classroom routine. The proposed framework can be viewed as a lightweight
socio-technical instructional arrangement in which learners engage with complementary AI
components through guided feedback and repeated practice. A quasi-experimental pretest–
post-test control group design was conducted over an eleven-week semester with 64 first-
year EFL students at an Iraqi university. Productive vocabulary knowledge was measured
using the Productive Vocabulary Levels Test (PVLT), and data were analyzed using mixed-
design ANOVA. Results revealed a statistically significant Time × Group interaction with
a large effect size, indicating greater productive vocabulary gains in the AI-supported
condition compared with traditional instruction. Qualitative findings further suggested
perceived improvements in lexical retrieval, sentence construction, pronunciation accuracy,
and learner engagement. From an instructional perspective, the findings suggest that
learning gains were associated with the coordinated use of complementary AI tools within
a structured classroom workflow. This study provides a practical instructional model that
may be adaptable to comparable resource-constrained higher-education contexts.

Keywords: socio-technical systems; human–AI interaction; instructional system design;
coordinated AI learning; generative AI; large language model (LLM); automated speech
recognition (ASR); productive vocabulary; EFL higher education; classroom-based intervention

1. Introduction
Artificial intelligence (AI) technologies are increasingly integrated into higher-

education learning environments to support adaptive feedback, intelligent interaction,
and data-driven instructional approaches [1,2]. In recent years, advances in generative
AI and speech processing technologies have enabled the development of intelligent learn-
ing platforms capable of providing contextualized explanations, automated language
feedback, and interactive human–computer communication within digital learning en-
vironments [3,4]. In the domain of language education, these technologies have created
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new opportunities to design AI-supported instructional approaches that combine large
language models with speech-enabled applications to facilitate vocabulary learning, sen-
tence generation, pronunciation practice, and iterative retrieval processes [3,5]. This is
particularly evident when multimodal input is employed, as research has shown that
combining visual and textual information can significantly enhance vocabulary acquisition
and comprehension in L2 contexts [6]. Despite these technological advances, empirical
classroom-based research remains limited regarding how multiple AI components can be
systematically integrated into coherent instructional configurations that support productive
lexical development in EFL higher-education contexts [2,7,8].

These developments are particularly relevant in resource-constrained EFL learning
contexts, where limited instructional time, large class sizes, and restricted access to indi-
vidualized feedback may constrain learners’ opportunities for sustained lexical produc-
tion [9–11]. In Iraq and similar EFL settings, university students may demonstrate receptive
recognition of vocabulary yet still experience difficulty retrieving and accurately producing
lexical items in speaking and writing. Such conditions highlight the need for instructional
approaches that intensify structured productive practice within scheduled classroom time
while remaining feasible, efficient within existing instructional time, and adaptable to
technology-supported learning environments [1,12].

From an instructional perspective, lexical processing efficiency is central to effective
second language development because it supports accurate communication and academic
expression [9]. Productive vocabulary knowledge reflects learners’ ability to retrieve
and use lexical items accurately in contextualized language production [9,10]. However,
vocabulary instruction in many EFL classrooms continues to rely heavily on memorization-
oriented techniques and limited opportunities for active language production, which
may not consistently promote noticing, repeated retrieval, pushed output, or long-term
retention [10,13]. These challenges are further amplified in low-exposure learning environ-
ments where opportunities for communicative practice and productive language use are
constrained [9,10].

AI-supported instructional approaches offer a potential response by enabling struc-
tured interaction processes and feedback-driven learning cycles [3,4]. Generative AI assis-
tants such as Microsoft Copilot can provide contextualized explanations, sentence modeling,
corrective feedback, and dialogic scaffolding that encourage active lexical production [3,14].
Similarly, speech-based mobile applications such as Mondly integrate listening and speak-
ing tasks supported by automated speech recognition, promoting pronunciation-focused
rehearsal and repeated spoken retrieval [5]. When implemented as a structured classroom-
embedded instructional routine rather than an optional supplement, the complementary
use of these tools may support active vocabulary use through guided output, repeated
reformulation, and sustained engagement during scheduled lessons [3,10].

AI methodologies increasingly extend beyond purely data-driven models to include
emerging data–physics and hybrid AI models that combine learned patterns with prior
knowledge, structured constraints, or domain-informed guidance to improve robustness,
interpretability, and efficiency in complex systems [15,16]. While such developments are
especially prominent in engineering and computational modeling domains, classroom
language learning environments require interactive, data-driven tools capable of providing
real-time feedback, dialog generation, adaptive support, and pronunciation practice. Ac-
cordingly, the present study focuses on AI tools whose functions are closely aligned with
pedagogical interaction and productive vocabulary development.

Although AI-assisted language learning has expanded rapidly, much of the existing
literature has focused on individual tools, broad language learning outcomes, or learner per-
ceptions rather than on integrated instructional configurations examined under controlled
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classroom conditions [2,7,8]. Consequently, limited evidence exists regarding how com-
plementary AI technologies can be coordinated within fixed instructional time to support
measurable, productive vocabulary outcomes in EFL classrooms. Recent studies highlight
the potential of combining language models, speech technologies, and adaptive learning fea-
tures; however, classroom-based evaluations of such coordinated implementations remain
scarce. Collectively, prior studies indicate promise for AI tools but provide relatively little
controlled evidence regarding coordinated use for productive vocabulary development.
The present study addresses this gap by evaluating an integrated Microsoft Copilot–Mondly
instructional configuration in an authentic university EFL classroom context.

Accordingly, this study investigates the integrated use of Microsoft Copilot and
Mondly as a coordinated AI-supported classroom approach for enhancing productive
lexical performance in the Department of English Language Teaching at a university in
Erbil, northern Iraq. Employing a mixed-methods quasi-experimental design, the study
compares an AI-integrated instructional group embedded within regular classroom prac-
tice with a control group receiving conventional instruction without AI support. Produc-
tive vocabulary development was assessed using the Productive Vocabulary Levels Test
(PVLT) [17], and the quantitative findings were complemented by qualitative analyses
examining learners’ perceptions of AI-supported practice and their experiences with the
integrated instructional configuration.

The Copilot–Mondly integration is conceptualized as an applied AI-supported instruc-
tional configuration in which a generative AI tool and a speech-based mobile learning tool
operate jointly to support contextualized vocabulary production, feedback, and repeated
practice during classroom instruction [18]. Specifically, Microsoft Copilot provides lexical
explanation, sentence generation, and corrective feedback, whereas Mondly supports pro-
nunciation rehearsal and repeated spoken retrieval through automated speech recognition
(ASR). Together, these components form a structured, multimodal instructional workflow
that links explanation, guided production, rehearsal, and retrieval within scheduled class-
room practice. Rather than treating AI tools as separate interventions, the present study
evaluates their coordinated use within a functional classroom workflow.

By examining these components as a coordinated instructional arrangement, the
study explores whether the structured integration of complementary AI functions is asso-
ciated with improved learning outcomes. This perspective emphasizes that pedagogical
sequencing, rather than tool availability alone, may influence effectiveness. Accordingly,
AI-supported vocabulary learning is examined here as a structured classroom routine
involving input, guided practice, feedback, and repeated retrieval.

The novelty of the present study lies not in the invention of new tools, but in the
classroom-based evaluation of a fixed Copilot–Mondly instructional routine specifically
designed to improve productive vocabulary under equivalent instructional time conditions.

Research Questions

1. What is the effect of the integrated Copilot–Mondly AI-assisted instructional configu-
ration on EFL students’ productive vocabulary development?

2. What are EFL students’ perceptions of AI-assisted vocabulary learning when using
the integrated Copilot–Mondly instructional configuration?

2. Related Work and Conceptual Foundations
Recent developments in artificial intelligence (AI) have accelerated the adoption of

AI-supported language learning tools in vocabulary instruction by expanding opportu-
nities for adaptive practice, immediate feedback, and structured learning support within
formal educational settings [1,2]. Research in vocabulary acquisition consistently indicates
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that sustained lexical development depends on repeated retrieval, meaningful output, and
contextualized use of target items, which are associated with stronger long-term retention
and productive knowledge [9,10]. Advances in conversational and generative AI have
extended these possibilities by enabling interactive language production, immediate cor-
rective feedback, and personalized scaffolding that may support learners’ ability to retrieve
and produce lexical items accurately in communicative tasks [3]. Studies on multimedia-
based input further indicate that combining visual and textual information can strengthen
form–meaning connections and increase exposure to lexical items, thereby facilitating
vocabulary learning [6]. However, limited classroom-based research has examined how
generative language models and speech recognition technologies can be pedagogically co-
ordinated within structured instructional routines that support both contextualized lexical
generation and pronunciation-focused retrieval practice [2,7,8].

Within recent educational technology discussions, generative AI has been recognized
as a resource for widening access to guided learning support and improving instructional re-
sponsiveness in higher education [12,19]. This is especially relevant in resource-constrained
EFL contexts such as Iraq, where students often have limited opportunities to actively
use English and may not receive sufficient individualized support to develop produc-
tive lexical competence [9,10]. Research in conflict-affected EFL settings further suggests
that AI tools can enhance engagement and vocabulary outcomes, although effectiveness
depends on context-sensitive implementation and infrastructure conditions [20]. In this
respect, classroom-embedded AI-supported frameworks may help extend structured lexical
retrieval and productive language use within existing instructional constraints [21].

2.1. Productive Vocabulary Development in EFL Learning

Productive vocabulary knowledge is widely regarded as a central component of
second language development because it directly influences learners’ ability to express
ideas accurately and participate effectively in academic communication [9]. Developing
productive lexical competence requires repeated retrieval and meaningful use of target
words in spoken and written contexts over time [10]. However, vocabulary learning in
many EFL environments remains heavily teacher-centered, with limited opportunities
for sustained communicative production during scheduled lessons [22]. Such constraints
may restrict productive vocabulary growth and weaken long-term retention, particularly
where structured speaking and writing practice is limited [9,13]. Technology-supported
instructional tools may therefore represent a practical approach by intensifying lexical
retrieval and guided production within formal instruction while promoting equitable
access under institutional time and resource constraints [12,19,23]. Taken together, these
findings suggest that productive vocabulary development depends not only on exposure
but on structured opportunities for repeated retrieval and meaningful output, which remain
limited in many classroom contexts.

2.2. Generative AI Assistants and Vocabulary Learning (Microsoft Copilot)

Generative AI assistants have gained increasing attention in language education be-
cause they provide interactive support, contextualized explanations, and dialog-based
practice that encourage active language production [4]. Such tools may facilitate productive
vocabulary development by generating example sentences, prompting contextualized use
of target lexical items, and offering personalized scaffolding during real-time interaction [3].
Microsoft Copilot, embedded within Microsoft applications, can provide lexical explana-
tions, contextual examples, and guided dialogue tasks that assist learners in retrieving and
producing vocabulary meaningfully [3,24].
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Chatbot-based research further indicates that conversational AI may support produc-
tive vocabulary acquisition by encouraging repeated lexical retrieval and contextualized
output practice [3,14]. For instance, Zhang and Huang [14] reported that interaction with
large language model-based chatbots promoted repeated retrieval and meaning-focused
production tasks, contributing to improvements in learners’ ability to use target lexical
items accurately. In addition, learner-centered research suggests that generative AI tools
may enhance perceived usefulness, motivation, and learner engagement by providing
structured, responsive support within instructional settings, thereby facilitating sustained,
productive language practice [25–27].

However, concerns remain regarding the reliability of AI-generated content, including
potential inaccuracies that may affect productivity accuracy if outputs are not critically
evaluated [28,29]. Issues related to data privacy, learner dependency, and bias also re-
quire careful pedagogical consideration [4]. These concerns highlight the importance of
examining generative AI tools such as Copilot within structured classroom-based inter-
ventions. At the same time, most existing studies have examined generative AI tools in
isolation, with limited controlled evidence on how they can be integrated with complemen-
tary instructional components to support sustained productive vocabulary development.
These affordances further suggest that conversational AI may support vocabulary learning
through iterative learner–AI interaction rather than one-directional content delivery.

2.3. Speech-Based Mobile Learning and Gamified Vocabulary Practice (Mondly)

Mobile-assisted language learning has been shown to enhance accessibility and learner
engagement by supporting structured practice within instructional contexts [22,30]. Meta-
analytic evidence indicates that mobile learning interventions positively influence language
learning outcomes, including vocabulary development, through sustained engagement
and repeated retrieval [30]. Smartphone applications have also been identified as effective
tools for increasing access to structured lexical practice in classroom-based activities [22].

Mondly, an AI-supported mobile language learning application, integrates gamified
vocabulary practice with interactive speaking activities [5]. A key feature of Mondly is its
automated speech recognition (ASR), which provides pronunciation feedback and repeated
opportunities for spoken production [5]. Such speech-based engagement may support
lexical retrieval, phonological processing, and more accurate spoken production through
repeated opportunities for practice and feedback [31,32]. These effects are further supported
by research indicating that interactive digital learning environments enhance engagement
and reinforce vocabulary retention through repeated exposure and feedback [27]. Although
Mondly shows potential as a vocabulary learning tool, empirical research examining
its impact on productive vocabulary knowledge remains limited, particularly in under-
resourced university EFL contexts [7]. Despite its potential, existing research has rarely
examined how speech-based mobile applications such as Mondly can be integrated with
other AI-supported tools within structured classroom instruction to enhance productive
vocabulary outcomes.

2.4. Research Gap and Theoretical Framework

Although AI-supported vocabulary learning has received increasing attention, many
studies continue to examine single tools or isolated outcomes, leaving limited evidence on
how complementary AI applications can work together to enhance productive vocabulary
development [7,8]. Prior research has also reported mixed findings regarding the effective-
ness of digital learning environments compared with traditional instructional approaches,
indicating the need for further classroom-based investigation of integrated AI-supported
approaches [33]. In particular, few studies have systematically investigated the combined
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use of a generative AI assistant and a speech-based mobile learning application within
scheduled classroom instruction, especially in resource-constrained EFL contexts such as
Iraq [2,7].

To conceptualize this gap, the present study draws on established second language
acquisition theories. Krashen’s Input Hypothesis emphasizes the importance of compre-
hensible input in lexical development, while Schmidt’s Noticing Hypothesis highlights
the role of conscious attention to linguistic forms during learning [34,35]. Swain’s Output
Hypothesis further underscores the value of language production in promoting deeper
processing and lexical consolidation [36]. Together, these perspectives provide a rationale
for integrating Copilot and Mondly to support comprehensible input, noticing, repeated
retrieval, and structured output within classroom practice.

From an applied instructional perspective, the coordinated use of these tools may
allow learners to move between explanation, guided production, spoken rehearsal, and
feedback within a single classroom routine. Collectively, previous studies suggest promise
for generative AI and speech-based mobile tools, yet controlled classroom evidence remains
limited regarding whether these complementary technologies can be systematically coordi-
nated within fixed instructional routines to improve productive vocabulary development.
This unresolved issue motivates the present study.

2.5. Technology Acceptance and Implementation Considerations

The successful implementation of AI-supported vocabulary learning tools depends
not only on their pedagogical design but also on learner acceptance, perceived usefulness,
and facilitating technological conditions [37,38]. In applied instructional terms, such
tools are relevant not only because they expand access to practice, but also because they
can be integrated into replicable classroom routines that support measurable learning
outcomes [1,4]. In under-resourced contexts, this applied relevance is particularly important
because instructional technologies must function efficiently within existing institutional
constraints [12,21].

The long-term instructional viability of AI-assisted learning, however, depends on
learner engagement and perceived usefulness, which influence sustained instructional
integration [21,39,40]. Technology acceptance models suggest that perceived usefulness,
ease of use, and facilitating conditions shape learners’ willingness to adopt educational
technologies [37,38]. Students’ perceptions of accessibility and practical value further
influence engagement with mobile learning tools [41], while ethical considerations may
affect trust in generative AI technologies [42]. Therefore, examining both learning outcomes
and learners’ perceptions is essential for understanding the instructional effectiveness
and practical viability of integrated AI-supported vocabulary learning in real classroom
settings [1,21].

3. Materials and Methods
3.1. Research Design

This study employed a mixed-methods quasi-experimental design to examine the
effects of an AI-supported instructional approach integrating Microsoft Copilot (web-based
version, accessed via browser during the intervention period; accessed on 9 September
2025) and Mondly (iOS version 10.58.0; Android version 10.27.0; accessed on 9 September
2025) for productive vocabulary development. The research design combined quantitative
measurement of vocabulary performance with a qualitative investigation of learner per-
ceptions in order to provide both outcome-based and explanatory evidence regarding the
instructional configuration.
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The quantitative component adopted a pretest–post-test control group design. Two
instructional conditions were compared: (1) a conventional reading–writing instruction
condition (control group) and (2) an AI-supported instructional condition integrating
Microsoft Copilot and Mondly within regular classroom activities (experimental group).
The primary dependent variable was productive vocabulary knowledge measured using
the Productive Vocabulary Levels Test (PVLT).

Because the study was conducted in an authentic classroom context, using intact stu-
dent groups rather than random assignment, the design is classified as a quasi-experimental
pretest–post-test control group design. Baseline equivalence between groups was examined
through pretest performance. Instructional conditions were controlled by maintaining
identical syllabus content, instructional time, course materials, and instructor supervision
across both groups. Accordingly, the findings should be interpreted as reflecting associ-
ations between the instructional conditions and observed learning outcomes rather than
strict causal effects.

The intervention evaluated the combined effect of Microsoft Copilot and Mondly as
an integrated AI-supported instructional configuration for productive vocabulary learning,
rather than isolating the individual impact of each tool [3,4]. Because both tools were
implemented simultaneously within a structured instructional routine, the study does
not allow attribution of observed effects to each component separately. The findings
should therefore be interpreted as reflecting the combined influence of the integrated
instructional approach.

3.2. AI-Supported Instructional Configuration

This study implemented an AI-supported instructional framework consisting of two
complementary components: a large language model (LLM)-based interaction module
(Microsoft Copilot) and a speech-recognition-supported mobile learning module (Mondly).
The configuration was designed to support contextualized vocabulary production, repeated
spoken retrieval, and feedback-driven language practice within scheduled classroom activ-
ities. In the present study, the term “architecture” refers to a functional instructional design
rather than a standalone software platform specifically developed for this research.

From an instructional perspective, the instructional configuration can be understood
as a structured multimodal learning workflow linking lexical explanation, contextualized
sentence generation, pronunciation-supported rehearsal, and repeated retrieval practice.
In this sense, the configuration coordinates learner input, AI-supported processing, and
feedback-oriented output refinement within scheduled classroom activities [18,43]. Mi-
crosoft Copilot supported lexical explanation, sentence generation, and guided reformu-
lation, while Mondly supported pronunciation rehearsal and repeated spoken retrieval
through automated speech recognition. However, the current implementation did not in-
clude backend logging or automated capture of user–AI interaction data. Accordingly, the
instructional configuration was evaluated at the classroom level through learning outcomes
and learner perceptions rather than computational interaction analytics.

During each instructional session, students engaged in a fixed 20 min AI-supported
routine consisting of two sequential stages: (1) approximately 10 min of Mondly-based
vocabulary practice involving listening and speaking tasks supported by ASR feedback,
and (2) approximately 10 min of Copilot-supported productive vocabulary activities, in-
cluding sentence construction, short dialog generation, and lexical reformulation tasks.
This configuration enabled the integration of generative language interaction with speech-
based rehearsal within a structured classroom learning cycle. The functional structure of
this instructional design is presented in Figure 1, and the specific roles of the two digital
components are summarized in Table 1. During classroom implementation, AI-generated
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responses were monitored by the instructor. In cases where inaccurate or inappropriate
outputs were identified, corrective guidance was provided to ensure that learners did not
internalize incorrect lexical or grammatical forms.

 

Figure 1. Instructional configuration and feedback loop representation of the Copilot–Mondly model
for productive vocabulary development.

Table 1. Functional roles of the Copilot and Mondly modules within the AI-supported instructional
configuration.

Tool Technology Type Main Classroom Function Targeted Vocabulary Process

Microsoft Copilot Generative AI/NLP Sentence modeling, explanation,
dialog prompts, corrective feedback

Contextualized production,
lexical retrieval, reformulation

Mondly Mobile language learning
with ASR

Speaking practice and
pronunciation feedback

Repeated spoken retrieval,
phonological reinforcement

Figure 1 presents the instructional configuration as a feedback-driven learning process,
illustrating how vocabulary production, feedback, and refinement occur within a structured
instructional sequence. From a conceptual perspective, Figure 1 can also be interpreted
as an interaction sequence in which the learner, language model, and speech recognition
components exchange information through structured feedback cycles. The cyclic structure
of this process reflects the recursive nature of learning, in which learner output is reintro-
duced as input for subsequent stages of processing and refinement. This representation
supports a conceptual understanding of how feedback processes and interaction sequences
operate within the instructional workflow. In each session, learners first practiced target
vocabulary in Mondly through listening, repetition, and speaking recognition tasks. They
then transferred selected items to Copilot activities involving sentence creation, short
dialogs, lexical reformulation, and correction of self-produced sentences.

Table 1 summarizes the functional roles of the two AI modules within the AI-supported
instructional configuration. Together, these components operationalized the instructional
configuration as a coordinated multimodal workflow for contextualized production, spo-
ken rehearsal, and feedback-supported retrieval. This modular decomposition clarifies
how distinct AI functions were distributed across the instructional workflow, allowing
complementary support for lexical generation, spoken rehearsal, and feedback processing
during classroom learning.

In operational terms, learners produced spoken or written lexical responses that
were followed by AI-supported feedback, reformulation, or pronunciation guidance.
Through repeated guided practice, the instructional sequence was intended to support
improved lexical accuracy, retrieval fluency, and pronunciation performance within regular
classroom instruction.

From an instructional perspective, the proposed configuration can be defined as a
coordinated AI-supported instructional framework consisting of three interacting compo-
nents: (i) learner input (lexical production tasks), (ii) AI-mediated processing (LLM-based
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generation and ASR-based feedback), and (iii) output transformation (refined lexical pro-
duction and pronunciation performance). The process operates through iterative feedback
loops in which learner output is continuously evaluated and refined through AI-supported
interaction. This formulation enables the instructional process to be understood as a
feedback-driven learning sequence rather than as a sequence of isolated tool interactions.

To provide a conceptual representation of the instructional process, the proposed
configuration can be expressed as a feedback-driven transformation model:

St+1 = f (Lt, At, Ft) (1)

where Lt represents learner input (lexical production), At represents AI-supported pro-
cessing (LLM generation and ASR feedback), Ft represents feedback-oriented refinement
processes at time t, and St+1 represents the updated learner state after interaction. This
formulation is heuristic and illustrative rather than an empirically estimated computational
model. It is intended to conceptually represent how learning may develop through repeated
cycles of input, feedback, and refinement during classroom practice.

3.3. Participants and Context

The study was conducted in the Department of English Language Teaching (ELT)
at Knowledge University in Erbil, Kurdistan Region of Iraq. Participants were first-year
undergraduate EFL students enrolled in a reading–writing skills course. This instructional
context represents a typical Iraqi university EFL environment in which opportunities for
sustained productive language use during classroom instruction are often limited.

All eligible students enrolled in the course were invited to participate in the study. At
the beginning of the semester, the instructor explained the research objectives, study proce-
dures, and ethical safeguards. Students were informed that participation was voluntary,
that non-participation would not affect their academic standing or course grades, and that
they could withdraw at any stage without penalty. Written informed consent was obtained
prior to data collection.

A total of 64 first-year undergraduate EFL students (36 females and 28 males) from the
ELT Department participated in the study after providing informed consent. Participants
were organized into two intact groups formed by the department at the beginning of the
academic year. Group assignment was determined by departmental scheduling rather than
researcher allocation. One group served as the control group (n = 31), receiving traditional
reading–writing instruction, while the other served as the experimental group (n = 33),
receiving traditional reading–writing instruction integrated with Microsoft Copilot and
Mondly within regular classroom time. Both groups were taught by the same instructor
and followed the same syllabus, course schedule, and instructional materials to ensure
instructional consistency. Participants’ English proficiency ranged from beginner to pre-
intermediate, reflecting early-stage language development and emerging productive lexical
competence in the first year of the ELT program. The sample reflected the intact cohort
available within the department and is consistent with classroom-based quasi-experimental
research in EFL settings.

3.4. Measurement Instruments
3.4.1. AI Learning Components

The experimental group used two AI-supported digital tools, Microsoft Copilot and
Mondly, as integrated components of the instructional configuration implemented during
the intervention. Mondly functioned as a mobile-assisted language learning (MALL)
platform providing structured vocabulary lessons and gamified practice activities designed
to promote repeated lexical retrieval and active use of target items. These activities included
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short interactive tasks, such as listening- and speaking-oriented exercises supported by
automated speech recognition (ASR) feedback, which facilitated pronunciation-focused
rehearsal and productive vocabulary use.

In parallel, Microsoft Copilot was employed as a generative AI assistant to facilitate
productive vocabulary development through interactive scaffolding, including providing
lexical explanations, generating contextualized example sentences, offering paraphrasing
support, and prompting learners to actively produce newly learned vocabulary in short
dialog- and writing-based tasks.

Prior research on generative AI in education indicates that such tools may enhance
learner engagement and provide responsive instructional support. However, their ef-
fectiveness depends on structured pedagogical integration and responsible instructional
use [3,4]. The combined use of Mondly and Copilot was therefore designed to provide
complementary learning affordances by integrating structured repetition and gamified
retrieval practice with contextualized explanation and guided output-oriented activities
that promote active lexical production.

3.4.2. Productive Vocabulary Levels Test

The primary quantitative measurement instrument was the Productive Vocabulary
Levels Test (PVLT), originally developed by Laufer and Nation [17]. The study employed
the 36-item version consisting of 18 items from the 2000-word frequency level and 18 items
from the 3000-word frequency level.

The test was administered in paper-based format under standardized classroom
conditions during a regular 60 min class session. Although the full session time was
allocated to minimize time pressure and ensure consistent testing conditions, most students
completed the PVLT within approximately 25–35 min. The same test form was administered
at both pretest and post-test under identical procedures to allow direct comparison of
productive vocabulary growth over time.

Scores were calculated by summing correct responses across the 36 items to obtain
a total productive vocabulary score for each participant. Each correctly completed target
word received one point. No partial credit was awarded for incorrect spelling, incomplete
forms, or semantically inappropriate responses. The PVLT is widely recognized as a valid
and reliable measure of productive vocabulary knowledge and has been extensively used
in EFL research [9,17].

3.4.3. Semi-Structured Interview Protocol

Qualitative data were collected through semi-structured interviews conducted after
completion of the intervention. The interview protocol explored learners’ perceptions of
using Microsoft Copilot and Mondly for productive vocabulary development, including
perceived benefits, challenges, engagement patterns, and the extent to which the tools
supported lexical retrieval, accurate word production, and active use of target vocabulary
in speaking and writing.

A purposive subsample of nine students was selected to represent high-, moderate-,
and low-improvement profiles based on gain-score patterns in PVLT performance. In-
terviewees were selected using ranked PVLT gain scores: the upper third represented
high-improvement learners, the middle third moderate-improvement learners, and the
lower third low-improvement learners. This sampling strategy ensured the inclusion of
diverse perspectives regarding the intervention’s impact on productive vocabulary devel-
opment. Because the qualitative phase aimed to provide explanatory insight rather than
exhaustive thematic coverage, formal saturation was not claimed.

https://doi.org/10.3390/systems14050474

https://doi.org/10.3390/systems14050474


Systems 2026, 14, 474 11 of 24

Each interview lasted approximately 10–15 min and was conducted in Kurdish to
allow participants to express their views fully and accurately. Interviews were audio-
recorded with participants’ permission and transcribed verbatim by the researcher. The
transcripts were subsequently translated into English for analysis. To enhance translation
accuracy and ensure semantic equivalence, an independent bilingual instructor from the
department, who was not part of the research team, reviewed the translated transcripts
and cross-checked them against the original Kurdish versions. Discrepancies were resolved
through discussion. All transcripts were anonymized prior to analysis to ensure participant
confidentiality.

3.5. Intervention Procedure

The study was implemented over an 11-week semester (Week 1: orientation to course
procedures and administration of the pretest; Weeks 2–10: intervention; Week 11: post-test
and interviews). During Week 1, all participants were introduced to the study procedures.
Following the pretest, students in the experimental group received structured guidance
on how to use Mondly for pronunciation-supported vocabulary practice and Microsoft
Copilot for output-oriented vocabulary tasks. Clear task instructions and sample prompts
were provided to ensure consistent and standardized use during scheduled class sessions.

The PVLT was administered to both groups in Week 1 as a pretest under standardized
classroom testing conditions. The treatment phase was implemented during Weeks 2–10.
The course consisted of four sessions per week, each lasting approximately one hour. In
the experimental group, a standardized 20 min AI-supported routine was implemented
exclusively during scheduled class time in each session. The routine consisted of 10 min of
Mondly practice followed by 10 min of Copilot-supported productive vocabulary activities.
This routine replaced an equivalent portion of conventional vocabulary-related practice
activities, thereby maintaining identical total instructional time across both groups.

To control instructional dosage and minimize uncontrolled exposure, students in the
experimental group were instructed to use Mondly and Copilot exclusively during the
structured in-class routine. No out-of-class AI practice was assigned, required, or formally
encouraged. During the Copilot component, students completed guided output-oriented
tasks, including requesting brief lexical explanations, generating contextualized example
sentences, producing short dialogs, and revising their own sentences using target vocab-
ulary. Typical Copilot prompts were standardized and aligned with weekly vocabulary
targets. Examples included “Explain this word in simple English,” “Use this word in a
meaningful sentence,” “Write a short dialogue using this word,” “Give another sentence
with the same word in a different context,” and “Correct my sentence using this word.” In
many cases, students first practiced pronunciation and recognition of target vocabulary
items in Mondly. Then they transferred the same items to Copilot for sentence construc-
tion, dialogue generation, or feedback-supported reformulation. This sequencing was
intended to connect spoken retrieval practice with contextualized productive use within
the scheduled instructional sequence. The Mondly component focused on structured
vocabulary rehearsal through brief listening- and speaking-oriented tasks supported by
automated speech recognition (ASR) feedback to promote accurate pronunciation and
repeated lexical retrieval.

In contrast, the control group received traditional reading–writing instruction, includ-
ing textbook-based activities, teacher-led explanation, and in-class vocabulary practice,
without the use of AI tools. In Week 11, the PVLT was administered again as a post-test
under identical standardized conditions. Following the post-test, semi-structured inter-
views were conducted with a purposive subsample of participants from the experimental
group only. The interviews aimed to explore learners’ perceptions of the structured in-class
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AI routine and to provide explanatory insight into the quantitative findings. Because the
control group did not receive the AI-supported intervention, qualitative data collection
appropriately focused on students who participated in the Copilot–Mondly condition.

To support fidelity of implementation, the instructor followed a fixed routine each
session and used the same task prompts and timing sequence across the intervention weeks.

3.6. Data Collection

Data collection followed the explanatory sequential mixed-methods procedure. Quan-
titative data consisted of the following:

(a) Pretest PVLT scores;
(b) Post-test PVLT scores;
(c) Gain scores calculated as post-test minus pretest for descriptive comparison and

qualitative sampling purposes.

Gain scores were used for descriptive comparisons and to inform purposive sampling
for the qualitative phase. In contrast, inferential analyses were conducted using pretest and
post-test scores within a mixed-design ANOVA framework.

Qualitative data consisted of semi-structured interview transcripts collected from a
purposive subsample of nine students in the experimental group. The interviews explored
learners’ experiences with Copilot and Mondly, perceived learning benefits, usability chal-
lenges, and engagement-related factors influencing productive vocabulary development
and lexical retrieval. These qualitative data were used to provide explanatory depth and
contextual interpretation of the quantitative findings.

All participants provided written informed consent prior to data collection. Pretest
and post-test PVLT data were collected during scheduled class sessions under standardized
administration procedures. Interview recordings were transcribed verbatim, anonymized,
and reviewed for accuracy prior to analysis. Participant identifiers were replaced with
coded labels, and all data were handled confidentially in accordance with institutional
ethical guidelines.

3.7. Data Analysis

Quantitative data were analyzed using a two-way mixed-design analysis of variance
(ANOVA) with Time (pretest, post-test) as the within-subjects factor and Group (experimen-
tal, control) as the between-subjects factor. Analyses were conducted using SPSS (Version
25). This analytic approach enabled simultaneous examination of within-subject change
over time and between-group differences across instructional conditions. The dependent
variable was the PVLT productive vocabulary score.

The analysis evaluated (a) the main effect of Time, indicating whether productive
vocabulary scores changed significantly from pretest to post-test across participants; (b) the
main effect of Group, indicating whether overall performance differed between instruc-
tional conditions when averaged across time; and (c) the Time × Group interaction,
indicating whether the magnitude of change differed between the experimental and
control groups.

Assumptions were examined prior to analysis. Levene’s tests were conducted to assess
the homogeneity of variance at each time point. Because the within-subject factor included
only two levels, the assumption of sphericity was not applicable. Effect sizes were reported
using partial eta squared (partial η2), and statistical significance was evaluated at an alpha
level of 0.05.

Qualitative interview data were analyzed using thematic analysis following Braun and
Clarke’s [44] six-phase framework: familiarization with the data, generation of initial codes,
theme development, theme review, theme refinement, and reporting. Two researchers
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independently coded the transcripts to enhance credibility and reduce subjective bias.
Coding discrepancies were resolved through discussion until consensus was reached. Inter-
coder reliability was assessed using Cohen’s kappa (κ = 0.81), indicating almost perfect
agreement and supporting the trustworthiness of the analysis.

Finally, qualitative findings were integrated with quantitative results during the
interpretation stage to generate meta-inferences and provide explanatory insight into
factors that may have contributed to the observed productive vocabulary gains in the
AI-supported instructional condition.

Exploratory Implementation Indicators

In addition to the primary educational outcome analyses, several exploratory in-
dicators were considered to describe implementation-level characteristics of the coordi-
nated instructional system within the classroom context. These indicators are descriptive
implementation-oriented summaries rather than formal engineering performance met-
rics. Their purpose is to provide an applied systems perspective on how the instructional
configuration functioned under authentic classroom conditions.

(1) Learning Gain: Pretest–post-test improvement in PVLT scores across conditions;
(2) Differential Improvement: Relative advantage of the coordinated AI-supported condi-

tion compared with the conventional condition;
(3) Instructional Time Efficiency: Improvement achieved without increasing total sched-

uled instructional time;
(4) Implementation Feasibility: Learner perceptions regarding usability and classroom

practicality.

These indicators should be interpreted as contextual implementation summaries
rather than validated system-performance measures. Future research may incorpo-
rate richer systems-level evidence such as usage logs, response latency, interaction fre-
quency, and component-level analytics to support more rigorous evaluation of human–AI
instructional systems.

3.8. Ethical Considerations

Ethical approval was obtained in accordance with the research ethics procedures of
Knowledge University. All participants provided written informed consent prior to data
collection. Participation was voluntary, and students were assured that their academic
standing would not be affected. Confidentiality was maintained through anonymization of
data and secure storage on password-protected devices accessible only to the researchers.
Because the study involved the use of generative AI, students were instructed not to share
personal or sensitive information when interacting with Microsoft Copilot, consistent with
current ethical recommendations for the responsible educational use of generative AI
tools [4].

3.9. Reliability and Validity

Quantitative validity was supported through the use of the Productive Vocabulary
Levels Test (PVLT), a widely used and previously validated measure of controlled produc-
tive vocabulary knowledge across frequency levels [9,17]. Standardized administration
procedures were applied at both pretest and post-test to ensure measurement consistency.
Internal validity was strengthened by maintaining identical syllabus content, instructional
schedule, instructor supervision, and total instructional time across both groups. Baseline
equivalence was established through an independent samples t-test analysis of pretest
PVLT scores, indicating no statistically significant differences between groups prior to
the intervention.
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Using the same PVLT form at pretest and post-test represents a methodological lim-
itation, as it may introduce test familiarity effects. Although the nine-week interval re-
duces the likelihood of direct recall, practice effects cannot be fully ruled out and should
be considered when interpreting the results. In addition, the intervention emphasized
classroom-embedded, contextually relevant production and retrieval practice rather than
the rehearsal of specific test items, making it unlikely that the gains reflect memorization of
test content.

Qualitative trustworthiness was enhanced through purposive sampling of participants
representing varied PVLT gain profiles, verbatim transcription of interviews, and systematic
application of thematic analysis procedures. Two researchers independently coded the
transcripts, and discrepancies were resolved through discussion until consensus was
achieved. Inter-coder reliability was assessed using Cohen’s kappa (κ = 0.81), indicating
almost perfect agreement and supporting analytic consistency. Integration of qualitative
and quantitative findings followed an explanatory sequential mixed-methods design,
allowing interview data to inform interpretations of factors associated with the observed
productive vocabulary gains.

4. Results
4.1. Baseline Equivalence

An independent samples t-test was conducted to determine whether the experimental
and control groups differed at pretest on the Productive Vocabulary Levels Test (PVLT).
The analysis indicated no statistically significant difference between the experimental
group (M = 12.48, SD = 4.15, n = 33) and the control group (M = 12.87, SD = 4.60, n = 31),
t(62) = −0.35, p = 0.726, 95% CI [−2.57, 1.80]. These findings indicate that the two groups
were statistically comparable at baseline. The absence of a significant baseline difference
supports the internal validity of the quasi-experimental comparison.

4.2. Descriptive Statistics

Table 2 presents descriptive statistics for PVLT scores across time and instructional
condition.

Table 2. Descriptive statistics for PVLT scores by group and time.

Group Time N Mean SD

Experimental Pretest 33 12.48 4.15
Experimental Post-test 33 14.64 4.30

Control Pretest 31 12.87 4.60
Control Post-test 31 13.61 4.36

These descriptive results suggest greater improvement in productive vocabulary scores
for the experimental group compared with the control group, which was subsequently
tested through inferential analysis.

Both groups demonstrated improvement in productive vocabulary scores between the
pretest and post-test. The experimental group demonstrated a mean increase of 2.16 points
(14.64–12.48), whereas the control group demonstrated a mean increase of 0.74 points
(13.61–12.87). Although both groups improved over time, the magnitude of change was
descriptively larger in the experimental group than in the control group. To further describe
patterns of improvement, additional descriptive indicators were calculated.
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Descriptive Indicators of Learning Improvement

To provide additional descriptive context for interpreting score changes, several simple
summary indicators were calculated from the group means. These indicators are descriptive
summaries rather than inferential or validated performance metrics. Learning gain (LG)
was calculated as the difference between post-test and pretest scores. The learning efficiency
index (LEI) was defined as the learning gain normalized by instructional duration (in
weeks), representing the rate of vocabulary improvement over time. In addition, relative
improvement (RI) was calculated as the percentage increase from baseline performance.

These indicators can be formally expressed as follows:

LG = Post-test − Pretest

LEI = LG/Duration

RI (%) = (LG/Pretest) × 100

As shown in Table 3, the experimental group demonstrated a substantially higher
learning gain (2.16) compared with the control group (0.74). When normalized over the
instructional duration, the experimental group achieved a higher learning efficiency index
(LEI = 0.20) than the control group (LEI = 0.07), indicating greater vocabulary development
per unit of instructional time. Similarly, relative improvement was markedly higher in the
experimental group (17.31%) than in the control group (5.75%).

Table 3. Descriptive indicators derived from PVLT scores.

Group Pretest Post-Test Gain LEI RI (%)

Experimental 12.48 14.64 2.16 0.20 17.31
Control 12.87 13.61 0.74 0.07 5.75

These results indicate that the experimental group achieved greater gains in productive
vocabulary scores within the same instructional time.

4.3. Mixed ANOVA

A two-way mixed-design ANOVA was conducted with Time (pretest, post-test) as
the within-subjects factor and Group (experimental, control) as the between-subjects factor.
Results are presented in Table 4. Levene’s tests supported homogeneity of variance at
both pretest and post-test. Because the within-subject factor included only two levels, the
assumption of sphericity was not applicable.

Table 4. Mixed-design ANOVA results for PVLT scores.

Source F df p Partial η2

Time 39.19 (1, 62) <0.001 0.384
Group 0.07 (1, 62) 0.788 0.001

Time × Group 10.35 (1, 62) 0.002 0.143

A statistically significant main effect of Time was observed, F(1, 62) = 39.19, p < 0.001,
partial η2 = 0.384, indicating that productive vocabulary scores increased significantly from
pretest to post-test across participants. The effect size suggests a large magnitude of change
over time.

The main effect of Group was not statistically significant, F(1, 62) = 0.07, p = 0.788,
partial η2 = 0.001, indicating no overall difference between instructional conditions when
averaged across time.
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A statistically significant Time × Group interaction was found, F(1, 62) = 10.35,
p = 0.002, partial η2 = 0.143, indicating that the magnitude of improvement differed be-
tween instructional conditions. Specifically, the experimental group demonstrated greater
pre–post gains in productive vocabulary performance than the control group. The interac-
tion effect (partial η2 = 0.143) indicates a comparatively substantial difference in productive
vocabulary gains between instructional conditions.

4.4. Qualitative Findings

Table 5 summarizes the major themes and representative codes derived from the
semi-structured interviews. The analysis focuses specifically on learners’ perceptions of
productive vocabulary development, including lexical retrieval, sentence construction,
spoken production, and contextualized word use.

Table 5. Summary of qualitative themes and representative codes identified through thematic analysis
of student interviews.

Theme Representative Codes

Theme 1: Perceived Effectiveness of AI-Supported
Vocabulary Learning

Example generation, sentence modeling, corrective
feedback, dialog creation, contextual variation

Theme 2: Reinforced Retention Through Structured
Repetition and Pronunciation Practice

Repetition, pronunciation rehearsal, ASR feedback,
structured practice, speaking tasks

Theme 3: Increased Engagement and Active Participation
in Productive Vocabulary Practice

Immediate feedback, guided writing, speaking
confidence, active participation

Theme 4: Perceived Accessibility and Practical Classroom
Use in an Under-Resourced Context Large-class suitability, equal access, structured AI support

4.4.1. Theme 1: Perceived Effectiveness of AI-Supported Vocabulary Learning

This theme reflects how the integration of Microsoft Copilot and Mondly supported
learners in actively producing vocabulary in speaking and writing rather than merely
recognizing meanings. Students emphasized that the tools helped them construct sentences,
generate dialogs, and apply new words in meaningful contexts during the structured
classroom routine. These perceptions suggest that students moved from passive lexical
recognition toward active production and contextualized word use.

Participants reported that Copilot modeled sentence construction and provided imme-
diate corrective feedback, enabling them to practice productive use of newly learned words:

“Copilot showed me how to use the word in a sentence, so I could write my own
sentence.” (S1)

“It gave simple explanations and examples, and then I tried to make similar sentences.”
(S2)

“Sometimes I asked Copilot to create a short dialogue using the new word, and I
practiced it.” (S6)

Several students described how corrective feedback strengthened productive accuracy:
“It corrected my sentence when I used the word incorrectly.” (S7)
Learners also reported improved contextual flexibility in word use:
“I liked asking Copilot to help me use a word in different sentences.” (S7)
These findings suggest that AI-mediated scaffolding supported guided lexical retrieval

and contextualized word production within classroom instruction. Rather than memorizing
isolated items, students engaged in structured sentence generation and dialog practice,
which is consistent with the greater pre–post gains observed in the experimental group in
the PVLT analysis.

https://doi.org/10.3390/systems14050474

https://doi.org/10.3390/systems14050474


Systems 2026, 14, 474 17 of 24

4.4.2. Theme 2: Reinforced Retention Through Structured Repetition and Pronunciation
Practice

This theme captures how Mondly reinforced productive vocabulary development
through repeated spoken production and pronunciation-supported practice during the
structured in-class routine. Students emphasized that actively producing words aloud
enhanced both confidence and the efficiency of lexical retrieval in subsequent speaking and
writing tasks. These observations suggest that repeated spoken retrieval and pronunciation
practice supported more efficient lexical access during productive language use.

Participants frequently referred to repetition as central to remembering new words:
“Repeating the word many times helped me use it more confidently.” (S1)
“When I repeated and practiced speaking, I could use the word more easily later.” (S2)
Pronunciation practice supported phonological accuracy and production confidence:
“The pronunciation practice helped me say words correctly.” (S3)
“Hearing and practicing the word together helped me use it correctly.” (S5)
Students also valued the structured and time-efficient format of the routine:
“Lessons were short, so I could practice the app every day in class.” (S4)
Some students acknowledged minor technological limitations:
“Sometimes the app did not understand my pronunciation, but I tried again.” (S6)
Overall, repeated oral production appeared to support more efficient access to vo-

cabulary knowledge during productive language use. Through structured retrieval and
pronunciation rehearsal within scheduled sessions, learners strengthened the connection be-
tween meaning, form, and spoken output. These learner perceptions are broadly consistent
with the greater pre–post gains observed in the experimental group.

Although overall perceptions were positive, some students also identified minor
challenges during implementation. Several participants noted that speech recognition
feedback was occasionally inconsistent, requiring repeated attempts before responses were
accepted. Others mentioned that unstable internet connectivity sometimes interrupted the
smooth use of the applications. A small number of learners also indicated that brief teacher
clarification remained helpful when encountering unfamiliar vocabulary or more complex
meanings. These comments suggest that the benefits of the AI-supported routine were
influenced by technological reliability and continued pedagogical guidance.

4.4.3. Theme 3: Increased Engagement and Active Participation in Productive
Vocabulary Practice

This theme reflects how the combined use of Copilot and Mondly increased students’
engagement and active participation in the instructional configuration’s interaction process
during classroom instruction. Participants reported that the tools enabled them to practice
speaking and writing more intensively within the structured AI routine.

Examples include the following:
“Yes, because Mondly helped me practice speaking and Copilot helped me use the

word in sentences.” (S1)
“I practiced in Mondly and then used the word in Copilot writing tasks.” (S2)
Students highlighted the shift from passive recognition to active production:
“The apps helped me not only know the word but also use it correctly.” (S3)
“It was better than only reading from the textbook because I produced sentences.” (S4)
Increased confidence in classroom participation was also noted:
“I felt more confident using vocabulary in class after using the apps.” (S8)
These perceptions indicate that AI-supported tools increased structured opportunities

for speaking and writing practice during instructional time. By expanding guided output
practice within scheduled sessions, the tools may have supported productive vocabulary
development in the experimental condition.
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4.4.4. Theme 4: Perceived Accessibility and Practical Classroom Use in an
Under-Resourced Context

This theme reflects students’ perceptions of the broader applicability and instruc-
tional efficiency of integrating AI-supported vocabulary instruction within their university
context. Participants emphasized that the structured Copilot–Mondly routine could be effec-
tively implemented in large classes and that multiple students could engage simultaneously
during scheduled sessions.

Students highlighted the model’s perceived flexibility and accessibility:
“Yes, because students can practice speaking and writing within the apps.” (S1)
“It helps students use vocabulary through the app during classroom activities.” (S2)
Although the intervention in the present study was implemented exclusively during

structured in-class sessions, these comments reflect learners’ perceptions of the potential
flexibility of AI-supported vocabulary practice rather than documented out-of-class use.
Participants appeared to interpret the AI tools as adaptable resources that could, in principle,
extend opportunities for productive engagement.

Students also recognized the suitability of the model for large-class contexts:
“It is good for large classes; all the students can ask at the same time.” (S7)
“Many students can use it at the same time.” (S3)
In addition, learners emphasized perceived independence and continuity of learning:
“It helps students become more independent in using vocabulary.” (S6)
“Students can continue practicing speaking and writing after the course.” (S8)
These comments suggest that students viewed the AI-supported routine as a struc-

tured mechanism that reduced reliance on immediate teacher mediation during classroom
activities, while still operating within formal instructional guidance.

Participants also acknowledged the importance of sustained engagement:
“It is helpful if students use it regularly.” (S9)
Overall, these findings indicate that learners perceived the AI-supported routine as

accessible and instructionally manageable within the present context. The structured 20 min
AI routine increased opportunities for productive vocabulary practice during scheduled
classroom sessions within existing instructional time. While broader validation is required,
these perceptions suggest potential applicability in comparable resource-constrained uni-
versity EFL settings.

5. Discussion
The observed differences between instructional conditions may relate not only to the

presence of AI tools but also to how their functions were organized within a structured
classroom routine. In the present intervention, Copilot supported lexical modeling, sentence
construction, and feedback, while Mondly supported pronunciation rehearsal and repeated
spoken retrieval. These complementary functions may have increased opportunities for
guided production and feedback during scheduled instructional time. This interpretation
is consistent with previous research suggesting that the educational value of digital tools
depends not only on technological availability but also on pedagogical integration within
classroom practice [33].

The present study primarily assessed outcome-level learning rather than detailed
interaction processes. Although the Copilot–Mondly routine was conceptually organized
as a feedback-oriented instructional sequence, the absence of interaction-level data limits
analysis of how specific patterns of use were associated with learning outcomes. Future
research should incorporate log-based evidence, such as prompt–response sequences and
usage frequency, to enable more fine-grained analysis of AI-supported classroom processes.
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This study evaluated an AI-supported instructional routine integrating Microsoft
Copilot and Mondly to support productive vocabulary development in an Iraqi univer-
sity EFL context. Although both groups improved over time, the experimental group
demonstrated significantly greater gains, as reflected in the statistically significant Time ×
Group interaction (partial η2 = 0.143). Because baseline equivalence was established and
total instructional time was maintained across conditions, the findings suggest that the
integrated Copilot–Mondly routine provided added instructional value beyond traditional
reading–writing instruction. In the present context, the approach may offer a practical way
to increase feedback opportunities and productive practice during scheduled classroom
time [1,3].

The quantitative results indicate that the observed improvement should not be inter-
preted as a general time effect, but as potentially related to increased opportunities for
active lexical retrieval and contextualized word production during classroom instruction.
The AI-supported routine may have supported productive vocabulary learning through
immediate corrective feedback, repeated spoken retrieval, pronunciation-focused rehearsal,
and guided sentence construction within existing instructional time [1,2].

Interaction with Copilot appeared to provide learners with opportunities to generate
original sentences, reformulate expressions, and apply target vocabulary in varied contexts.
Rather than reproducing fixed textbook responses, students engaged in guided lexical
production supported by AI-mediated prompts and feedback. These perceptions suggest
that the intervention may have supported productive vocabulary development through
contextualized output practice combined with immediate instructional scaffolding [10].
The findings are broadly consistent with the potential value of integrating generative AI
into structured classroom routines for language learning [1,3].

Similarly, findings related to Mondly highlight the possible value of structured rep-
etition combined with spoken production and pronunciation-focused retrieval [10,31].
Students emphasized that hearing, repeating, and actively producing target words in-
creased confidence and ease of later use. This pattern is consistent with retrieval-based
learning principles and suggests that repeated output practice may have supported more
efficient lexical access during production. Qualitative data also indicated that superficial
engagement reduced perceived benefit, suggesting that learning outcomes may depend not
only on exposure frequency but also on depth of engagement during output-oriented tasks.

Another important dimension was increased engagement and active participation
during structured classroom activities [45]. Students reported greater involvement in
speaking and writing tasks than during traditional instruction, particularly because the
AI-supported routine enabled immediate practice and feedback within scheduled sessions.
In contexts where teacher time may be limited, structured AI mediation may help extend
feedback opportunities within instructional time [1,3].

The findings support theoretical perspectives emphasizing comprehensible input,
noticing, output, and retrieval practice in productive vocabulary development [10,34–36].
Copilot-supported modeling and contextualized explanations may have provided mean-
ingful input, while corrective feedback created opportunities for pushed output. Mondly’s
structured speaking tasks may likewise have supported repeated lexical retrieval and
phonological reinforcement. The coordinated use of these affordances is broadly consistent
with the observed gains. Rather than relying solely on lexical exposure, the intervention
provided guided production, feedback, rehearsal, and retrieval opportunities embedded
within classroom instruction.

From an applied instructional technology perspective, the AI-supported routine may
offer a practical way to improve feedback availability and productive practice within
resource-constrained EFL classrooms [1,3]. Participants perceived the model as applicable
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in large-class settings, where consistently providing individualized feedback is difficult. By
increasing structured output practice within existing instructional time and redistributing
some feedback processes through guided human–AI interaction, the intervention illustrates
how complementary AI-supported tools can extend classroom practice opportunities. Par-
ticipants also identified infrastructural constraints such as internet connectivity, indicating
that effective implementation depends on technological readiness and institutional support.

Future implementations of the proposed instructional configuration may incorpo-
rate interaction-level data collection and analysis of learner–AI engagement patterns.
Such approaches could support a more detailed understanding of how instructional pro-
cesses contribute to learning outcomes and inform the refinement of classroom-based
AI-supported practices.

Instructional Design Implications

From an instructional perspective, the Copilot–Mondly configuration indicates how
complementary AI modules can be integrated into a coordinated instructional design.
The design combines generative language modeling for contextualized lexical production
with automated speech recognition for pronunciation-supported retrieval practice. When
embedded within structured classroom workflows, such multimodal AI configurations may
support wider practical classroom use by extending feedback availability and production
opportunities in large-class environments.

From a broader instructional perspective, the proposed design may be relevant beyond
vocabulary learning in contexts that require iterative skill development. Elements of the
routine, such as AI-supported explanation, guided production, feedback, and repeated
practice, could potentially be adapted for areas such as writing development, pronunciation
training, or domain-specific language learning. However, further empirical validation
across contexts would be required before broader generalization can be made.

6. Practical Implementation Implications for AI-Supported Vocabulary
Instruction

AI-supported instructional approaches for vocabulary learning may be more beneficial
when systematically embedded within structured classroom instruction rather than used
as optional technological supplements [40]. In the present study, the combination of gener-
ative AI-mediated sentence modeling and speech-based retrieval practice was associated
with stronger productive vocabulary gains during regular classroom activities. From an
applied instructional perspective, the model may offer a practical way to increase feedback
opportunities, output practice, and learner engagement without extending total teaching
time [1,3]. However, effective implementation depends on reliable infrastructure, digital
literacy support, and appropriate pedagogical supervision [12].

The findings also suggest several tentative design principles for AI-supported vocabu-
lary learning. Effective implementation may benefit from coordination of complementary
AI functions, structured sequencing of learner–AI interaction, and feasible integration
within existing classroom constraints. In particular, combining generative language mod-
els with speech recognition technologies may create learning workflows that support
contextualized lexical generation alongside pronunciation-focused retrieval practice.

From a design perspective, the present findings suggest that AI-supported vocabu-
lary instruction may benefit from three practical features: modularity, repeatability, and
implementation feasibility. Modularity allows complementary tools to perform distinct
instructional functions; repeatability supports consistent integration within scheduled
classroom time; and implementation feasibility helps ensure that the approach can operate
under realistic conditions such as device access, internet stability, and teacher supervision.
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Overall, the integrated Copilot–Mondly configuration can be viewed as a classroom-
embedded instructional routine that uses guided AI-supported interaction to increase
productive vocabulary practice within existing institutional constraints. When supported
by structured pedagogical design and reliable technological infrastructure, such AI-assisted
routines may have practical relevance for comparable higher-education settings [1,2].

More broadly, this configuration illustrates how AI may function within a classroom
socio-technical environment in which human instruction, digital mediation, and learner
engagement are coordinated through structured pedagogical routines [4,18]. Rather than
replacing teachers, AI in this context appeared to extend feedback opportunities within the
learning environment, forming a hybrid pedagogical approach. Such integration reflects
classroom practice in which digital tools are embedded within ongoing instruction rather
than adopted as isolated technological resources [1].

7. Conclusions
This study examined an AI-supported instructional approach integrating a gener-

ative AI assistant (Microsoft Copilot) with a speech-based mobile learning application
(Mondly) to support productive vocabulary development in an Iraqi university EFL con-
text. Although productive vocabulary scores improved across both instructional conditions,
students who participated in the structured Copilot–Mondly routine demonstrated sig-
nificantly greater gains than those receiving traditional instruction alone. These findings
suggest that integrating AI-mediated contextually informed sentence modeling and correc-
tive feedback with structured retrieval-based speaking practice may support measurable
improvements in productive lexical performance within existing instructional time. Accord-
ingly, the study contributes pedagogical evidence on productive vocabulary learning and
offers a structured example of how LLM- and ASR-based technologies can be coordinated
within classroom-based AI-supported instruction.

Qualitative evidence further helped interpret factors associated with this improve-
ment. Learners perceived Copilot as supporting accurate word production through iterative
explanation, sentence modeling, and dialog-based scaffolding. In contrast, Mondly was per-
ceived as reinforcing productive control through repeated spoken retrieval, pronunciation-
focused rehearsal, and structured classroom practice. Increased engagement and active
participation in speaking and writing tasks during scheduled sessions also emerged as
potentially important facilitating factors. At the same time, infrastructural constraints
such as internet connectivity highlighted the importance of context-sensitive, technology-
supported implementation.

From an applied instructional technology perspective, the findings suggest that com-
plementary AI tools can be implemented as a structured classroom routine to improve
feedback availability and opportunities for productive output within existing instructional
time. However, effective implementation depends on reliable infrastructure, pedagogical
guidance, and responsible use of generative AI. Overall, the study suggests that coordi-
nated use of complementary AI tools may enhance productive vocabulary learning when
embedded within structured pedagogical routines rather than used as isolated technologi-
cal supplements. While further replication across contexts is needed, the present findings
indicate possible practical value for higher-education EFL settings.

8. Limitations
Several limitations should be considered when interpreting the findings. First, this

study employed a quasi-experimental design using intact groups rather than random
assignment. Although baseline equivalence was established and key instructional variables
were maintained across groups, the absence of randomization limits the strength of causal
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inference. While the statistically significant Time × Group interaction provides evidence
of differential improvement between instructional conditions, randomized experimental
designs would offer stronger confirmation of causal effects.

Second, productive vocabulary development was assessed using the same PVLT
form at pretest and post-test. Although the instrument has been widely validated for
measuring controlled productive lexical knowledge, repeated administration may introduce
familiarity effects. Moreover, the PVLT assesses productive recall primarily at the word
level and does not fully capture extended, discourse-level vocabulary use in authentic
communicative tasks. Future studies should therefore incorporate delayed post-tests,
discourse-based production measures, and performance-oriented assessments to examine
long-term retention and transfer to communicative contexts.

Third, the study evaluated instructional effectiveness without collecting detailed
interaction-level data on learner–AI engagement. For example, prompt histories, response
patterns, and usage frequency were not systematically recorded. This limits the ability to
examine how specific interaction patterns were associated with learning outcomes or to
identify the relative contribution of different instructional components. Future research
should incorporate learning analytics and interaction-level data to enable more fine-grained
analysis of instructional processes and to better understand how AI-supported activities
influence vocabulary development over time.

Fourth, the intervention examined the combined implementation of Microsoft Copilot
and Mondly. While this integrated design reflects authentic classroom practice, it prevents
the isolation of the independent contribution of each tool. Comparative studies including
multiple experimental conditions would allow clearer attribution of effects to specific
components, such as generative AI-mediated feedback versus pronunciation-supported
retrieval practice.

Finally, the qualitative findings were based on a relatively small purposive subsample
within a single institutional setting, which may limit transferability to contexts with differ-
ent learner profiles, levels of digital literacy, or technological infrastructures. The practical
implementation of AI-supported productive vocabulary instruction also depends on facili-
tating conditions such as reliable internet connectivity and access to appropriate devices.
Where such conditions are unstable, implementation barriers may moderate learning out-
comes. Future studies should therefore examine how contextual, infrastructural, and insti-
tutional variables influence the effectiveness and long-term sustainability of AI-supported
vocabulary interventions across diverse under-resourced educational environments.
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