
A Design-based Research Approach to
Developing a Computerised Dynamic Assessment

of Oral Pragmatic Competence: Solvable and
Persistent Challenges

Allan Nicholas1[0000−0002−6178−3171], John Blake1[0000−0002−3150−4995], and
Maxim Mozgovoy1[M0000−0003−0684−4012]

University of Aizu
anich@u-aizu.ac.jp

Abstract. This paper reports on a Design-Based Research (DBR) study
investigating how human–AI interactions can be shaped to approximate
the ways human assessors administer dynamic language assessments of
pragmatic competence. While conversational AI is increasingly integrated
into education, most applications remain text-based and overlook the
pedagogical challenges of spoken interaction, particularly in pragmatics.
Our project addresses this gap through the iterative design and eval-
uation of a computerised dynamic language assessment system focused
on the speech act of requesting. Across six prototype cycles, users inter-
acted with an AI interlocutor in spoken dialogues while an automated
tutor agent monitored interactions for perceived instances of pragmatic
inappropriateness and delivered graduated feedback. Analysis of iter-
ative testing revealed distinct patterns in the types of issues encoun-
tered: surface-level problems in the graphical user interface (e.g., audio
handling, text display, visuals) were relatively easy to resolve, whereas
dialogue management, particularly phase disambiguation and parsing,
proved more persistent and difficult to automate. These findings sug-
gest that while technical refinements can steadily improve the usability
of AI-mediated systems, replicating the subtle interactional and medi-
ation strategies of human interlocutors remains a central challenge. By
documenting these refinements, this study demonstrates how DBR can
expose the boundary between tractable software improvements, prompt
engineering fixes and deeper interactional complexities, providing prac-
tical insights for the design of AI-mediated spoken language learning
environments.

Keywords: Design-Based Research · Dynamic assessment · User Expe-
rience · Usability · human–AI Interaction · Intelligent CALL.

1 Introduction

1.1 Motivation

Pragmatic competence is an important aspect of overall communicative compe-
tence [6], and can be defined as the ability to adapt one’s linguistic realisations
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to the socio-contextual contexts in which they are embedded [18]. Failure to
adhere to the expected pragmatic norms of the relevant community can lead to
negative perceptions of the speaker, with potential social consequences [8].

While pragmatic competence is, therefore, important for L2 learners to de-
velop alongside other formal aspects of the L2 (such as grammar or vocabulary),
it is typically given relatively little time in the language classroom [21], perhaps
due to an inherent degree of subjectivity in perceptions of pragmatic appropri-
ateness. Studies investigating the teachability of L2 pragmatics have primarily
focused on the effectiveness of implicit or explicit corrective feedback, with little
research exploring alternative approaches to feedback, grounded in sociocultural
theory [7, 11]. Further, assessments of L2 pragmatics have typically employed
holistic scales for judging perceived pragmatic inappropriateness, lacking the
specificity necessary to inform future classroom instruction [19, 23]. Addition-
ally, while learners’ needs may vary in relation to specific aspects of pragmatics
they find challenging, addressing these needs can be difficult for teachers in
large-group contexts [17, 13, 12].

Computerised dynamic assessments (C-DA) [15, 17, 12] offer one potential
avenue for addressing the above issues, employing a graduated prompt approach
to feedback in which feedback gradually increases in explicitness as needed, di-
agnosing specific aspects of learner performance amenable to future instruction,
and widening access to both opportunities for L2 practice and for individualized
feedback based on learner performance [15]. A C-DA administers a language
task to a learner and provides feedback designed to simultaneously diagnose a
learner’s emerging abilities and promote their development [15, 12].

In recent years, a number of C-DA have been developed, primarily focus-
ing on L2 reading or writing abilities [15, 25]. Few C-DA to date have focused
on pragmatic competence [17, 13], and none on the pragmatic aspect of spo-
ken interactions. While conversational AI has been widely adopted in text-
based learning environments, spoken human–AI interaction focusing on prag-
matic competence remains underexplored. This study therefore foregrounds the
dual challenge of engineering a C-DA system that approximates the flexibility of
human-administered DA, while distinguishing between issues that can be readily
resolved through iterative refinement and those that persist despite successive
prototypes.

1.2 Objectives and Research Questions

In this study, we investigate how a C-DA system can approximate the ways in
which human assessors administer dynamic assessment of spoken pragmatic com-
petence. Rather than focusing solely on differences between human–human and
human–AI interactions, the study emphasises the types of challenges that arise
when attempting to replicate human DA interactions and mediational strategies
through iterative prototype design. A key objective is to distinguish between
issues that can be readily resolved through technical refinement (e.g., graphi-
cal user interface adjustments, audio/text handling) and those that prove more
persistent (e.g., phase disambiguation and parsing in dialogue management).
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Through this distinction, the study aims to identify where human DA practices
are most challenging to automate, and how design-based research (DBR) can
guide refinements that bring AI systems closer to pedagogical goals. We aim to
answer these research questions:

1. What types of issues arise when iteratively developing an AI-mediated C-DA
of spoken pragmatic competence?

2. Which issues can be readily resolved through technical refinement, and which
prove more persistent and challenging?

3. How do iterative cycles of design-based research contribute to aligning AI-
mediated assessment with the diagnostic strategies employed by human as-
sessors?

2 Dynamic Assessment and Computerised Dynamic
Assessment

With the integration of natural language processing, CALL evolved into Intel-
ligent CALL (iCALL), enabling more dynamic and adaptive learning experi-
ences [3]. iCALL systems can analyse learner input, track errors, and provide
targeted feedback, thus extending the scope of CALL beyond static materials.
Many iCALL projects addressing spoken English have primarily concentrated
on pronunciation training, often using speech recognition to detect phonological
errors. Others have provided conversational practice through chatbots, simulat-
ing basic turn-taking and dialogue. Despite these advances, relatively few iCALL
systems have focused on the teaching and assessment of pragmatics, leaving a
gap in the development of learners’ ability to adapt language use to social and
contextual factors. Against this background, Dynamic Assessment (DA) offers a
framework that directly addresses limitations in pragmatic assessment.

Two key issues regarding typical assessments of pragmatic competence can
be identified: a focus on current ability levels rather than future potential and a
lack of diagnostic capacity. [14, 15].

Traditional language assessments (henceforth referred to as non-dynamic as-
sessments, or N-DA), including those assessing pragmatics, focus on independent
learner task performance, in which the learner carries out a task unaided. From
a sociocultural perspective on learning, such assessments provide useful informa-
tion on a learner’s current level of development; however, it provides limited in-
sight into future potential development [22, 14]. Additionally, pragmatics-focused
assessments to date have employed holistic scales to judge the overall pragmatic
appropriateness of a learner’s performance on a task [19, 23]. While this informs
the teacher and learner of their overall level of pragmatic competence on a given
task, it does not provide insights into specific aspects of the task the learner
found challenging [13, 12].

DA aims to address these two issues. Grounded in a sociocultural-theoretical
(SCT) perspective on learning [22], an important concept for a DA is that of the
zone of proximal development (ZPD)[22], which can be defined in simple terms
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as the space between what a learner can achieve by themselves, and what they
can achieve with assistance from an expert other [1]. From an SCT perspective,
learner development is optimally promoted when assistance falls within this ZPD
space [1, 16]. To this end, assistance, or mediation, should be both graded (the
most implicit level of assistance given that allows the learner to proceed with
the task) and contingent upon need [1].

In a DA, a learner and expert other (mediator) collaborate on a language
task, with the mediator providing ZPD-sensitive assistance (mediation) when
the learner encounters difficulties. In such instances the mediator and learner
will engage in mediation, with the mediator initially providing highly implicit
mediation, such as a hint. Should this not be successful in allowing the learner
to proceed with the task, the mediator will gradually increase the level of explic-
itness, until the issue has been successfully resolved. By assessing the frequency
and types of mediation engaged in, the mediator is able to diagnose the emerging
abilities of the learner, and how close or far the learner is from being able to per-
form those abilities without assistance. In this way, a DA simultaneously aims to
diagnose emerging abilities, and promote their development via mediation that
is sensitive to the learner’s ZPD.

DA methodology can be categorized into two general types – interactionist
and interventionist [10]. With the former, the mediator and learner engage in
unscripted mediation, with the mediator responding to the needs of the learner
in a flexible manner. With the latter, mediation is standardized and scripted.
While interactionist DA has the advantage of flexibility, interventionist DA may
require less mediator training. Further, it is amenable to computerization [15].

DA methodology has been the subject of increasing focus in language learning
in recent decades. Few, however, have focused on pragmatics [11, 7], with [11],
for example, investigating the use of DA in relation to interactive L2 spoken
performance of requesting.

While DA addresses a number of key issues relating to pragmatics assess-
ment, it has been criticized for being resource-intensive, being primarily carried
out in face-to-face sessions with individual learners [15, 12]. Computerised DA
(C-DA) has the potential to widen access to DA methodology, allowing large
numbers of learners access simultaneously. However, to date, there have been
few pragmatics-related C-DA studies [17, 13, 11] and, to the best of our knowl-
edge, no C-DA studies focusing on interactive spoken L2 performance of speech
acts.

In order to address this need for a C-DA of interactive L2 spoken perfor-
mance, the current study aims to develop a C-DA of L2 spoken requesting among
Japanese learners of English at a computer science university in Japan. The C-
DA administers a number of spoken requesting tasks, in which the learner inter-
acts with an AI automated agent, with the program engaging in ZPD-sensitive
mediation when the learner encounters difficulties. The C-DA follows interven-
tionist DA methodology, with the standardised mediation being both graded and
contingent [1].
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3 Design-Based Research in Education

Design-Based Research (DBR) is an approach to educational inquiry that em-
phasises iterative cycles of design, enactment, analysis, and redesign within
authentic learning environments [2, 4, 24]. It is guided by two key principles:
grounding innovation in real-world practice, and generating both practical solu-
tions and theoretical insights.

DBR typically involves close collaboration between researchers, educators,
and learners, ensuring that designs are responsive to contextual needs and ped-
agogical goals. Unlike controlled laboratory experiments, DBR values ecological
validity and acknowledges the complexity of educational settings. High ecologi-
cal validity means that the conditions and tasks of a study closely resemble au-
thentic learning environments, allowing findings to be generalised to real-world
classrooms. In contrast, low ecological validity arises when tasks are highly arti-
ficial or detached from the context in which learning normally occurs, making it
difficult to transfer findings beyond the experimental setting. By situating proto-
types in authentic learning environments, DBR ensures that both the challenges
and opportunities of real educational practice inform the design process. This
methodology is particularly well suited to the refinement of educational tech-
nologies, as it allows systems to be continuously adapted in response to learner
feedback and observed use. Each iteration not only improves the design but also
contributes to a deeper understanding of how learners engage with the technol-
ogy. In the context of pragmatics instruction and assessment with AI systems,
DBR provides a systematic way to align technological functionality (e.g. speech
recognition, dialogue flow, and feedback delivery) with pedagogical objectives.
It ensures that system refinements are theory-informed and evidence-driven.

4 System Architecture

The C-DA system is built on a three-layer architecture comprising a dialogue
layer, a pragmatic inappropriateness detection layer, and a feedback layer. This
architecture reflects the goal of simulating how a human expert assessor ad-
ministers dynamic assessment: guiding the dialogue, monitoring for perceived
pragmatic inappropriateness, and providing developmentally-sensitive feedback.
The layers interact in real time, allowing learners to engage in spoken request
dialogues with an AI interlocutor while receiving feedback adapted to their per-
formance.

The C-DA administers a set of four oral tasks to a learner, in which the
learner is required to make a request to the AI interlocutor as part of a full con-
versation. Each task comprises a different scenario with varying Power (P; akin
to relative social status), Social distance (D; the degree of familiarity between
the interlocutors) and Rank of imposition (R; how potentially troublesome the
request might be for the interlocutor to carry out) [5]. The learner produces
their conversation turns orally, which is then shown on screen as text, allowing
the learner to edit their turn before submitting it. The AI interlocutor turns are
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produced in both audio and text modes. Fig. 1 shows the current implementa-
tion of the Graphical User Interface (GUI). On the left is the focus image of the
AI interlocutor, at the top is a progress bar showing the completed and current
dialogue phase, the chat log is displayed in the centre, the AI tutor feedback is
to its right while the microphone button and speech submission form are located
at the bottom of the screen.

Fig. 1: C-DA User Interface.

For each task, the learner initiates the interaction, produces a request and
closes the interaction. Conversation analysis literature has identified common
patterns in the ways interlocutors typically co-construct request-based conver-
sations (sequential organisation; [20]). These conversations commonly consist of
an opening phase, a pre-request phase in which the requestor signals that a re-
quest is upcoming, the actual request, a post-request (such as an expression of
gratitude), a pre-closing in which a space is created for ending the conversation,
and the closing [20].

Fig. 2 shows this dialogue flow within the C-DA. Instances of pragmatic in-
appropriateness are identified by identifying the stage of dialogue the interaction
is currently in (such as the closing), and identifying either the absence of oblig-
atory pragmatic moves (such as a closing phrase to end the conversation), or
the presence of an inappropriate expression. Required expressions or moves are
those typically identified in request-based interactions in the literature, and are
thus identified as being pragmatically expected.

When the C-DA identifies an instance of perceived pragmatic appropriate-
ness, a feedback message is shown in text form.

Learner speech is recognised by Whisper ASR, chosen for its robustness in
handling non-native English accents such as those of Japanese learners, while
spoken output is generated through the Piper text-to-speech system. Transcrip-
tion accuracy is critical, as errors at this stage directly affect the detection of
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Pre-pre Request
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Post-request
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Post-request*

Announcement

Summary

Arrangement

Solicitude

Appreciation
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Minimal

Fig. 2: Dialogue flow.

Note: Grey blocks are obligatory; White blocks are optional. When white blocks
are within a grey block at least one must be completed. Key: *One or more in
any combination.

pragmatic inappropriateness and the subsequent feedback. Iterative prototyp-
ing highlighted particular challenges in recognising reduced forms and disfluent
speech, leading to refinements in noise filtering and language model selection.
Conversation flow is managed by a large language model (LLM), specifically
Google Gemma 3:12b, which was prompted to follow the sequential organisa-
tion of requesting as described in conversation analysis research. The LLM in-
terlocutor is tasked with simulating realistic request-based dialogues, ensuring
that the learner is pushed to perform target pragmatic moves. Initial versions
of the system tended to fall into one of two extremes: they allowed learners
to exploit loopholes in the dialogue, or they imposed overly rigid conversational
structures. Refinements included constraining the range of system moves and ex-
plicitly modelling the core conversational phases, namely: opening, pre-request,
request, post-request, pre-closing and closing.

The detection layer analyses each learner utterance for potential pragmatic
inappropriateness. As in earlier written-request systems [13], instances of prag-
matic inappropriateness are defined in terms of categories such as greeting, head
act (the actual request turn in the conversation), and closing. For spoken interac-
tion, these categories are adapted to capture issues such as phase disambiguation
(e.g., unclear transition between opening and request), overly direct or indirect
requests, and inappropriate lexical choices. Detection relies on a hybrid approach:
surface-level pattern matching (e.g., absence of expected greeting tokens) com-
bined with Part-of-speech-tag-based rules to identify more complex phenomena
such as directness of requests. The system also incorporates a precedence hierar-
chy to avoid overlapping feedback; for instance, “greeting inappropriate” is not
triggered if “greeting absent” has already been identified.
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The feedback engine delivers responses according to a graduated prompt sys-
tem [15]. On the first attempt, feedback is highly implicit, such as asking the
learner to think again. The learner is given an opportunity to try the conversation
turn again; should they fail to resolve the issue identified by the system, feed-
back becomes more explicit. There are four levels of feedback organised from
implicit to explicit in total. Should the learner fail to resolve the issue after
receiving level four feedback, the C-DA simply moves on, continuing the con-
versation. This graduated and contingent approach aims to optimally promote
learner development within the learner’s ZPD [1].

5 Method

To understand the extent to which iterations of prototypes improved the sys-
tem, issues occurring in each testing phase were analyzed. Email communications
between the research team regarding issues were collected and classified by pro-
totype version. Template analysis [9], which stands midway between thematic
and content analysis, was then used to categorise and classify the issues men-
tioned. The initial categories focused on the location of the issue while the final
categories focus on the cause of the issue. Issues may be resolved by addressing
the underlying cause or ameliorating their effect.

6 Results

Table 1 shows that a total of 68 issues were raised across the six prototype
cycles. The most frequent categories were Phase and GUI, each accounting for
approximately 45% of all reported issues, while problems with AI conversation
were far less common.

Categories
Prototypes

Total

P1 P2 P3 P4 P5 P6

AI conversation 2 1 1 0 0 1 5
GUI 9 8 7 3 0 4 31

Phase 5 9 5 0 9 4 32

Total 16 18 13 3 9 9 68

Table 1: Issues classified by category across six prototypes.

Table 2 breaks down the issues into eight subcategories, showing their dis-
tribution across the six prototypes. The most frequent subcategory was Phase
disambiguation, which occurred 25 times (approximately 37% of all issues).
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Subcategories
Prototypes

Total

P1 P2 P3 P4 P5 P6

Marked AI conversation 1 0 1 0 0 1 3
Conversation Parameters ignored 1 1 0 0 0 0 2

Audio in GUI 2 2 2 2 0 3 11
Behaviour in GUI 1 0 2 1 0 1 5

Text in GUI 5 5 1 0 0 0 11
Visuals in GUI 1 1 2 0 0 0 4

Phase disambiguation 5 8 5 0 5 2 25
Phase parsing 0 1 0 0 4 2 7

Total 16 18 13 3 9 9 68

Table 2: Issues classified by subcategory across six prototypes.

This reflects a recurring difficulty in identifying the learner’s intended move
within the sequential organisation of a request dialogue; for example, whether
a learner utterance functioned as an opening, a pre-request, or the request it-
self. Such ambiguity often led to misclassification or conversational breakdowns,
making this a persistent challenge.

Two GUI-related subcategories, Audio in GUI and Text in GUI, were the
next most common, each occurring 11 times (16%). Audio-related issues included
inconsistent playback, speech recognition delays, and unclear voice prompts.
Text-related issues covered problems of legibility, formatting, and alignment that
occasionally hindered learner interpretation of system feedback.

Less frequent GUI concerns nevertheless affected usability. Behaviour in GUI
(5 issues) referred to unresponsive buttons or unexpected interface behaviour,
while Visuals in GUI (4 issues) concerned layout, iconography, or visual consis-
tency.

Interactional issues were less common overall. Marked AI conversation (3
issues) highlighted instances where the AI’s responses sounded obviously artifi-
cial, reducing perceived authenticity. Conversation parameters ignored (2 issues)
occurred when contextual factors such as power or social distance were omitted,
producing pragmatically inappropriate replies.

Finally, Phase parsing accounted for 7 issues, showing that even when the
system identified the correct phase, it often misanalysed the pragmatic function
of learner utterances within that phase. In practice, accurate identification of
pragmatic success or failure depends on situating each utterance within the ap-
propriate conversational phase, since the appropriateness of a move can only be
judged relative to its sequential context. To achieve this, the system attempts
to track state changes across a series of compulsory phases, using specific trig-
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gers—such as the successful completion of a prior phase—to advance the dialogue
state. Small talk is a notable exception: it is optional and can legitimately oc-
cur in limited positions within the dialogue structure, which increases the risk
of misclassification. As a result, errors often arose not from isolated recognition
mistakes, but from difficulties in dynamically tracking the learner’s progression
through sequential phases and correctly mapping utterances to the relevant prag-
matic expectations.

Overall, GUI-related issues were frequent but generally solvable through
incremental design refinements, while dialogue management issues—especially
phase disambiguation—proved both common and persistent across iterations.

7 Discussion

The results demonstrate that issues emerged across both interface-related and
dialogue-management dimensions. On the interface side, problems with Audio
in GUI and Text in GUI were among the most frequent, together accounting
for nearly one-third of all recorded issues. These included audio playback in-
consistencies, difficulties in handling voice input/output, and text formatting
or legibility concerns that affected learners’ interpretation of feedback. Visual
and behavioural aspects of the GUI also generated recurring but less frequent
problems. On the dialogue side, Phase disambiguation and Phase parsing were
the most salient, representing the system’s difficulty in identifying the learner’s
conversational moves and interpreting them appropriately within the sequential
structure of a request. Smaller categories such as Marked AI conversation and
Conversation parameters ignored pointed to authenticity gaps, where the AI in-
terlocutor failed to adhere to a task scenario’s expected pragmatic norms. Taken
together, the prototyping process revealed a broad landscape of challenges, rang-
ing from surface-level usability issues to deep limitations in AI dialogue man-
agement.

The iterative design cycles showed a clear divide between solvable and per-
sistent categories of issues. GUI-related problems were generally tractable. For
instance, adjustments to font size, colour, and alignment improved text legibility,
while modifications to button responsiveness and audio playback reduced user
frustration. Such changes could be implemented quickly between prototypes,
and once corrected, they rarely resurfaced. In contrast, dialogue management
challenges, particularly Phase disambiguation, remained stubbornly persistent,
accounting for over one-third of all issues even after multiple design iterations.
Unlike GUI refinements, which could be addressed through straightforward cod-
ing or interface design, phase disambiguation required advances in natural lan-
guage understanding, pragmatic inference, and turn-taking logic. Even with in-
cremental improvements, the system continued to misclassify utterances, fail to
recognise pre-requests, or mishandle ambiguous learner moves. Similarly, Phase
parsing highlighted the limitations of pattern-matching approaches when con-
fronted with non-typical learner language choices. These findings suggest that
while technical refinements steadily improved surface-level usability, approximat-
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ing the diagnostic subtlety of human assessors in real-time conversation remains
an open challenge.

The DBR approach proved essential for making progress toward human-like
C-DA interactions. By conducting multiple rounds of testing, we were able to
identify which problems affected learner experience most acutely and which re-
sisted easy solutions. Iterative refinements addressed GUI-related challenges that
might otherwise have undermined learner engagement, thereby stabilising the
foundation of the system. At the same time, repeated encounters with dialogue-
management failures underscored the gap between human and AI capabilities.
Human DA assessors routinely manage ambiguity, draw on paralinguistic cues,
and flexibly negotiate meaning when administering a DA. In contrast, the AI
interlocutor often faltered when faced with the same ambiguity, revealing where
automation falls short of human practice. By systematically documenting these
contrasts, DBR helped to map the boundary between what can be engineered
with existing tools and what still requires more advanced AI modelling.

This study contributes a novel account of the integration of oral AI into a
pragmatics-focused C-DA of L2 English, within a design-based research frame-
work. By tracing six prototypes, it identifies which challenges in C-DA are solv-
able through technical refinement and which remain resistant, particularly in
dialogue management. The work demonstrates how iterative prototyping can
bring AI-mediated assessment closer to human practices, while also mapping
the boundaries of current capabilities. Future research should build on these in-
sights to develop more human-like, pedagogically aligned systems for pragmatic
learning, as well as explore applications to other speech acts.
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