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Abstract: This paper introduces a unified approach to combine artificial-intelligence-based adaptive
assessment with large language model (LLM) tools for the assessment and improvement of the English
language proficiency of university students. Current writing instruction and proficiency assessment are
mostly rigid, with fixed sequences of items and standardized feedback that are not attuned to the variable
content of individual students' learning processes, their cognitive burden, or the conventions of writing in
their subject matter. This research integrates empirical findings from the fields of Al-based proficiency
assessment, automated essay grading, and generative-Al as a measure of writing feedback, leveraging the
advancements of the computerized adaptive testing (CAT) approach and recent transformer-based
language models, to create a two-level architecture comprising an Adaptive Assessment Engine and an
LLM-Based Academic Writing Support Module, both linked by a learner model to promote personalized
learning. The Adaptive Assessment Engine automatically adjusts item difficulty and skill coverage in real
time based on ability estimation and the writing support module provides rubric-aligned, register-sensitive
and iterative feedback on structure and coherence, lexical sophistication, and grammatical accuracy. The
design rationale and evaluation criteria for the framework are informed by a narrative synthesis of 17
peer-reviewed studies published from 2021 to 2025. In addition to the documented improvements in
scoring reliability, engagement, and revision productivity noted in the literature, there are ongoing
questions about validity, algorithmic bias, over-reliance, and issues in academic integrity. The paper
concludes that it is possible to integrate an adaptive-assessment and writing-support architecture design
that can improve formative and summative assessment of English proficiency while still maintaining the
oversight of the instructor, and it provides directions for empirical validation, cross-linguistic
generalization, and longitudinal impact studies of university English-language programs.
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Introduction

With the spread of artificial intelligence (Al) into higher education, time-honored issues of how
English language proficiency should be assessed and nurtured at the university level have been put on the
agenda again. Traditional proficiency examinations give a standard set of items to all candidates regardless
of their estimated ability level, creating sub-optimal tests for high ability students and demoralizing for low
ability students. At the same time, the traditional method of academic writing instruction for English
learners was based on feedback by the teacher, which was delivered slowly and with a high level of
resources consumption and could not be used in large classes and in diverse student groups (Meyer et al.,
2024). Two technological advances now enables to tackle both of these at the same time: computerized
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adaptive testing (CAT) based on Item Response Theory (IRT), and large language models (LLMs) that
create, rate and edit long academic text.

The adaptive testing platforms change the difficulty of items based on the successive responses of the
test taker, and, as of writing, converge to a more accurate ability estimation with fewer items and less
administration time than a fixed form test (Bock & Gibbons, 2021). With Al-generated item pools and
dynamic difficulty adaptation, these platforms can then further customize content for each proficiency
profile within the sub-skills of listening, reading, and writing (Abdellatif et al., 2024). Conversely,
generative LLMs like GPT-4 have shown significant alignment with human raters in AES and in delivering
formative feedback that is perceived as relevant, specific and motivating by students (Li & Liu, 2024; Lee,
2024). The developments point to a possible evolution from assessment and writing support as two discrete,
sequential processes to a single ongoing, evolving process.

The purpose of this paper is to attempt to answer two related questions. First, it brings together the
latest empirical research on Al-based English proficiency assessment and academic writing support with
LLMs, and finds the convergences and differences, along with unanswered questions. Second, it suggests
a holistic system — consisting of an Adaptive Assessment Engine and an LLM-Based Academic Writing
Support Module, linked by a shared learner model — which could be used in university English medium
and English-as-a-Foreign-Language (EFL) instruction. The framework is aimed at design contribution,
based on the considered evidence and not as a report of an already completed empirical trial, and thus ends
with a statement of an evaluation agenda for future studies that will validate the framework.

The rest of the paper is organized as follows: In Section 2, the literature is reviewed on adaptive
assessment and LLM-based writing support. In Section 3, the proposed framework and its elements are
presented. The methodological approach in deriving and structuring the framework is described in Section
4. The expected benefits and their place in the reviewed evidence are discussed in Section 5. Then, Section
6 discusses pedagogical implications, Section 7 discusses limitations and ethical considerations, and
Section 8 concludes the paper.

Literature Review

The idea of using IRT models to estimate examinee ability from item response patterns and to select
each subsequent item so as to maximize information at the current ability estimate is a longstanding idea
in psychometrics, and is the foundation of computerized adaptive testing. This has been expanded on in
recent studies for contexts of English proficiency. For the case of institutional English-proficiency
screening, a university level computerized adaptive test designed on IRT and the Admissible Probability
Measurement Procedure was demonstrated to be more efficient by being able to reduce test length without
compromising the precision of the measurement compared with the paper-and-pencil instrument it was
being used to replace (Bock & Gibbons, 2021). Likewise, adapted English proficiency systems at a local
level designed for specific groups of learners have shown that test localization and IRT based item
calibration can yield psychometrically sound measures of English proficiency that are freely available and
adapted to a defined population of test takers.

In addition to psychometric calibration, Al can be used in adaptive assessment through dynamic
difficulty adaptation (DDA) constructs, which can dynamically add or subtract items and difficulty levels
from grammar and language tasks based on the current level of student performance at a particular moment.
Al-enhanced assessment environments based on the concept of the portfolio have also been linked to better
emotion regulation, mindfulness, and attitude toward language learning in learners, showing that adaptive
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assessment impacts both assessment precision and affective engagement in the assessment process
(Alazemi, 2024). In the area of listening assessment, Al-based adaptive testing has been shown to yield
measurable improvements in listening proficiency for EFL students, as well as in students' self-competence
and resilience, showing that adaptivity can have a positive impact on both non-reading language skills,
aside from grammar and reading (Abdellatif et al., 2024). Research on the use of Al models for assessing
student performance and Al systems for providing formative feedback at tertiary level also suggests better
learning outcomes if assessment is flexible and responsive to learners' performance (Aijun, 2024).
Together, these studies provide compelling evidence for the potential to optimize adaptive assessment to
enhance measurement efficiency, engagement, and diagnostic value for skills.

Another related field of study is the impact of LLM on the learning of academic writing skills of
English learners. Teng, (2024) conducted acceptance research based on the Unified Theory of Acceptance
and Use of Technology (UTAUT) that revealed that performance expectancy, effort expectancy, and
facilitating conditions significantly influenced EFL learners' behavioral intention to use LLMs to perform
register analysis, paraphrasing, and written corrective feedback in business academic writing courses. This
acceptance-based evidence is supported by intervention research that explores the direct impact of LLM
feedback on writing quality. According to a randomized study, students' text revision behavior, motivation
and positive emotion were higher with feedback based on LLM compared to no feedback and
quasi-experimental studies indicate that Al feedback was more immediate and specific than instructor
feedback, even though it was not as credible as that of instructors. Randomized studies of LLM-generated
evidence-based feedback showed that it encouraged text revision behavior, motivation, and positive
emotion compared with no feedback or delayed feedback and comparative studies of LLM and instructor
feedback revealed that LLM feedback was more immediate and specific than instructor feedback, but that
instructor feedback was still more credible.

Complementary strands of research have examined the processes and tools of self- and peer-mediated
revision processes that are scaffolded by LLM. The results of structured revision research on SLP show
that guided and iterative revision, whether mediated by peer or Al, is more effective than single-pass
revision feedback (Li & Hebert, 2024). In addition, motivational-climate theory locates the influence of
emotions and goal setting as intervening variables that drive students' reactions to generative-Al-enabled
writing instruction, suggesting that the pedagogical representation of LLM feedback, in addition to its
factual correctness, matters to students' learning outcomes. Conceptual models for sustainable assessment
and feedback advocate embedding the LLMs into pedagogically meaningful and technologically viable
higher education feedback systems, not just as a replacement for instructor feedback. In the broader context
of EFL language instruction, the adoption of conversational Al in EFL classrooms has been singled out as
an emerging trend, while the possibility of enhancing affordances for autonomous learning and
self-directed practice has been raised, with the need for more explicit guidelines on how to integrate
conversational Al pedagogically also emphasized (Klimova & Ibna Seraj, 2023; Jeon, 2024).

The reliability and validity of LLMs as automated essay scoring systems is a large volume of research
that is relevant to any framework that pairs adaptive assessment with writing support. GPT-4 has been
shown to produce more accurate annotations and better human rater agreement than BERT-based and
locally trained language models when evaluating non-native essays on lexical richness, syntactic
complexity, cohesion and grammatical accuracy, with in some cases, agreement of GPT-4 with human
raters higher than agreement between two human raters (Li & Liu, 2024). A complementary study of the
LLM's accuracy in marking second-language learners (SLLs) writing also finds that LLM writing scores
match well with human markers' scores under specific rubric criteria (Lee, 2024). The zero-shot prompting

https://doi.org/10.67050/1JEE/V 1411/1JEE251015 | www.ijee.org



International Journal of English and EducationiEe

ISSN: 2278-4012, Volume:14, Issue:1, March 2025

and fine-tuned LLM configurations for automated argumentative essay evaluation showed that the latter
yielded superior scores than the former in terms of score precision, highlighting the fact that the way a
LLM is configured affects the scores it can deliver (Wang et al., 2024). Previous work using GPT-3 for
automated essay scoring of TOEFL-style writing showed that the accuracy of the baseline automated
judgements is moderate-to-fair, and that adding explicit linguistic-complexity measures in addition to the
automated judgement of the Al language model significantly improved the accuracy of such judgements
(Mizumoto & Eguchi, 2023).

There is a significant body of literature that highlights the different ways in which Al tools for grading
and feedback work and the varied reliability they achieve across different tasks, with LLM-based tools
achieving greater reliability on holistic and rubric-anchored tasks and less on tasks that demand
finer-grained content judgement and discipline-specific argumentation (Imamguluyev et al., 2024).
Research that focuses on the scalability of these Al-based deep learning models for adaptive and inclusive
assessment also suggests that the reliability patterns that emerge are most appropriate in high-stakes
settings as an adjunct to human marking, and where appropriate, fully automated in low-stakes formative
environments (Javed, 2024). This separation between formative and summative appropriateness also
appears throughout the literature that was reviewed and directly influences the architecture.

The literature reviewed shows that both, IRT-based adaptive assessment and Dynamic Difficulty
Adaptation (DDA) approaches have been matured and validated, while on the side of LLM academic
writing support and automated essay scoring, a growing body of literature has been developed but largely
isolated. There are few studies that investigate these two abilities as a tightly coupled system, in which a
learner's ability estimates that changes as a result of adaptive assessment directly influences the calibration
of writing feedback and in which writing performance data directly influence the evolution of the adaptive
assessment engine's ability estimate. This gap will inspire the integrated framework presented in the next
section, where assessment and writing support are considered complementary data streams shared with a
learner model, and not as separate tools.

Proposed Integrated Framework

To support the above evidence, this paper introduces a two-level model: Adaptive Assessment Engine
(AAE) and the LLM Based Academic Writing Support Module (WSM), that are orchestrated by a common
Learner Model. It is designed for use in university English foreign language ability training programs as a
diagnostic and supporting system, or as a supplementary layer of service on top of the existing learning
management platform.

Architecture Overview

There are 4 functional layers of architecture. The Assessment Layer presents adaptively chosen items
from a bank of IRT-calibrated items, along with Al-generated items whose difficulty parameters are
estimated on deployment and continually calibrated. The Writing Support Layer receives a student's draft
and scores it in accordance with the rubric and provides a rubric-aligned structure of feedback using an
LLM trained to follow specific scoring rules, and provides iterative revision suggestions. The Learner
Model Layer combines ability estimates, error pattern histories, and revision trajectories and writes them
into a longitudinal learner profile which is accessed by and updated by the other layers. The Interface and
Oversight Layer provides instructor-facing review tools and learner-facing dashboards while enabling
instructors to review, override, or add annotations to Al-generated scores and/or feedback before the scores
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are finalized, aligning with recommendations that Al-based scoring should augment, not supplant, human
judgment for consequential decisions.

Integrated AI-Driven Adaptive Assessment and
LLM-Based Academic Writing Support Framework

Writing Support Layer
Assessment LLzgi . (LLM-Based Writing Support Module)
(Adaptive Assessment Engine) e Rubric-aligned LLM Scoring

IRT Ability Estimat%on e Structured Formative Feedback
A.I —ger}erated Ad'aptlve Hems e [terative Revision Tracking
Listening / Reading / Grammar

y
Shared Learner Model
e Composite Proficiency Estimate (Receptive + Productive Skills)
e Longitudinal Error-pattern & Revision History

IRT-Calibrated Item Bank & CEFR-Aligned
Content
(Dynamic Difficulty Adaptation)

Multi-Trait Scoring Rubric & Prompting Criteria
(Task, Coherence, Lexis, Grammar)

Figure 1: Conceptual Architecture of the Integrated Al-driven Adaptive Assessment and LLM-based
Academic Writing Support Framework

The four layers and data flow in figure 1 shows. The two layers are parallel and symmetrical because
they both provide evidence of the learner's ability: one from a collection of items chosen to assess receptive
skills, and the other from a collection of writing samples that are scored and revised. The two layers
contribute to the Shared Learner Model, which combines evidence of receptive and productive skills into
a single composite measure of proficiency and keeps a history of the errors that students made again and
again as well as of the revisions they made over time. This is a composite estimate that enables the
framework to be adaptive for the skills, but not just listening, reading, grammar and writing being separate
measurement tracks. The Interface and Oversight Layer is built on top of the Learner Model to ensure
instructors are always in control to review, modify, or add comments to any Al-generated score and
feedback before it has an impact, thereby implementing the human-in-the-loop protection. The two
supporting inputs at the bottom of the diagram are the IRT-calibrated item bank and the multi-trait scoring
rubric, respectively, grounding the framework's adaptivity and its writing feedback in the psychometric
and prompting practices that have been validated in the reviewed literature.

Adaptive Assessment Engine

The AAE follows a standard three-parameter logistic IRT item-selection loop: First, the population
mean is used as the initial ability estimate; then, the next item is chosen that maximizes Fisher information
at the current ability estimate; the ability estimate is then updated after each response using
maximum-likelihood or Bayesian estimation; and finally, the test is terminated if a target standard error is
reached or a maximum number of items is reached. To adapt the loop to discrete-item skills, an Al-based
item-generation system that generates reading passages, grammar items and short-answer prompts based
on a target CEFR band is integrated into the AAE, with results from previous Al-based grammar exercise
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generators validated by the dynamic-difficulty-adaptation approach (Javed, 2024). For productive skills,
the AAE sends writing prompts to the WSM described below and receives back a proficiency-band
estimate, which is combined with that of the receptive skill and the same overall ability is maintained for
all four skills.

LLM-Based Academic Writing Support Module

There are three interrelated functions of the WSM. First, it asks students to score drafts that are
prompted by an explicit, discipline-aware rubric detailing task achievement, coherence and cohesion,
lexical resource, and grammatical range and accuracy, similar to a multi-trait prompting framework that
has been demonstrated to enhance the reliability of scoring when compared to a holistic-only prompt.
Second, it provides structured formative feedback, which provides a description of specific strengths and
error patterns, instead of an overall grade, since evidence has shown that structured feedback that provides
specific strengths and error patterns, rather than a general judgement, has a greater impact on revision
productivity and learner motivation than general praise or criticism. Third, it implements an iterative
revision process with successive drafts, demonstrating that revision through peer-mediated and
self-reflective revision research that incorporates an iterative revision process is more effective in
enhancing end-of-process writing quality than a single pass revision process (Li & Hebert, 2024). The
WSM aims to avoid over-reliance and maintain the learner's agency by withholding direct rewrites and
focusing on specific questions and localized suggestions, following the recommendations of the
pedagogical-framework (Abulela et al., 2023; Agostini & Picasso, 2024) that generative-Al feedback
should be used as a scaffold and not a replacement for the learner's reasoning.

Integration Layer and Learner Model

The two tiers communicate to each other via the shared Learner Model. Items that are included in the
WSM as a writing prompt are also modified to both be easier and more complex to read, depending on the
ability estimate, and patterns of errors found during writing feedback are incorporated into the
item-selection algorithm of the AAE so that items related to the same category are emphasized. This
bi-directional coupling is designed to reduce the diagnostic cycle over systems in which assessments and
writing instruction take place on independent, asynchronous time frames, and reflects the recurring results
from the literature cited, that adaptivity can improve the accuracy of the measurement and increase the
engagement of the learner when it is tied to a current "snapshot" of learner ability.

Methodology

This paper does not follow an empirical approach, but rather a conceptual and design approach. The
framework in this section was developed using a structured synthesis of the narratives of 17 peer-reviewed
studies spanning the period 2021 to 2025 and obtained from targeted searches of Scopus-indexed and
Web-of-Science-indexed sources related to Al-based adaptive language assessment, computer adaptive
testing, automated essay scoring, and LLM-based writing feedback. Studies were eligible for inclusion if
they provided empirical results (psychometric, linguistic, or perceptual) regarding the use of Al systems
for assessing or supporting learners' writing performance in English or a similar second language, and if
they were judged as relevant to two design questions: (a) What architectural elements of adaptive
assessment systems have shown measurable improvements in efficiency or validity? and (b) What are the
configurations of LLM-based writing feedback that have shown measurable improvements in scoring
reliability, revision behavior, or learner motivation? The two questions were addressed through the findings
and each of the four layers of an architecture was assessed for its sources in the set of reviewed findings.

https://doi.org/10.67050/1JEE/V 1411/1JEE251015 | www.ijee.org



International Journal of English and Educationjiies

ISSN: 2278-4012, Volume:14, Issue:1, March 2025

The design-science approach is similar to that of other educational-technology studies in which conceptual
frameworks are first suggested and argued in light of the current empirical findings, and then pilot-tested
and tested in a controlled study before being empirically validated.

Results and Discussion

The synthesis reveals three claims that fit together to support the proposed architecture. Adaptive item
selection based on IRT also results in shorter tests and shorter administration than fixed-form tests without
compromising or even enhancing measurement precision, as found in both institutional and localized
settings of English proficiency testing. Second, with proper prompting with rubric criteria and
multiple-trait scoring guidelines, LLM-based automated essay grading performs with human-like
reliability for rubric-based writing tasks, with some reports achieving scores equal to or better than
human-to-human agreement. Third, LLM-generated formative feedback significantly enhances revision
productivity, motivation and positive affect compared to no feedback conditions, while it is perceived by
the learners as a complement to, not a replacement of, instructor feedback. Table 1 describes the expected
differences between traditional English proficiency testing and writing instruction, as well as the proposed
framework in this paper, on the basis of the patterns that were reported in the reviewed literature.

Table 1: Comparison of Conventional English Proficiency Assessment/Writing Instruction and the
Proposed Al-driven Adaptive Assessment and LLM-based Writing Support Framework

Dimension Conventional Approach Proposed AI-Driven Framework
Item sequencing Fixed-form, identical for IRT-calibrated adaptive selection maximizing
all test-takers information
Writing feedback Delayed, instructor- Immediate, rubric-aligned LLM feedback
turnaround dependent

Feedback specificity Often holistic or generic Multi-trait, error-pattern specific (Wang et al.,
2024; Mizumoto & Eguchi, 2023)

Assessment- Separate, asynchronous Bidirectional learner model coupling
instruction linkage processes assessment and writing support
Scoring reliability on Dependent on rater Human-comparable agreement reported for
rubric tasks training and load GPT-4 scoring
Learner engagement Variable; test anxiety at Improved motivation and reduced
fixed difficulty discouragement reported under adaptivity

Figure 2 illustrates that the range of Quadratic Weighted Kappa (QWK) for human—human rater
agreement (0.695-0.950) is shown in comparison to human—GPT-4 agreement (0.644—0.819) across
sixteen writing proficiency measures that were assessed in the non-native essay-scoring study collected.
The ranges are both higher than the 0.61 value generally considered to represent a significant level of
agreement, and the overlap suggests that scoring by GPT-4-based systems came close to or equaled the
level of agreement seen when scores are judged independently by human raters on several individual
measures. The visible difference at the high end of the human-human range, however, confirms the position
taken in this paper that automated scoring should be used in tandem with human scoring on the higher
stake’s elements of the proposed framework.
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Reported Inter-Rater Agreement (QWK) Across 16 Writing
Proficiency Measures for Non-Native Essay Scoring

1.0 ~ range 0.695-0.950

range 0.644-0.819

substantial agreement
==== threshold (0.61)

Quadratic Weighted Kappa (QWK)

Human—-Human GPT-4-Human
Agreement Agreement

Agreement Type

Figure 2: Reported Inter-rater Agreement (Quadratic Weighted Kappa) Between Human Raters and
Between GPT-4 and Human Raters, Aggregated Across 16 Non-native Writing Proficiency Measures
(Li & Liu, 2024)

The pattern of results also sheds light on where automation is not to be fully trusted. The results of
reliability seem to be better for rubric-based, holistic, or multi-trait scoring, and less reliable for tasks that
require content judgment and/or argumentation judgment. This distinction helps to justify the framework's
design decision to include an instructor level of oversight above the WSM rather than having the WSM
make the final summative grade without such oversight. Likewise, although adaptive assessment reliably
shortens test length and enhances precision for receptive skills it is not as certain with productive skills, as
the composite ability estimate generated by the framework would only be as reliable as its weakest scoring
component. This dependency is an explicit design risk and will be quantified with future empirical
validation, before high-stakes deployment.

The overall discussion suggests that the framework is feasible, albeit with a few uncertainties that may
require further research, as each of its elements has some empirical basis and the proposed coupling of
these elements fills a documented gap that may benefit assessment and writing instruction by giving both
the ability to respond to the learner in real time.

Pedagogical Implications

The framework also provides guidance for curriculum designers that the placement and diagnostic
testing of university English courses do not need to be a rigid process with long tests but can be replaced
by short, adaptive tests to achieve the same level of measurement precision, thereby saving instructional
time that is currently being devoted to long tests. The framework changes the role of a writing instructor
from the sole feedback provider to the "feedback curator” by asking writing instructors to review and refine
the feedback from Al, as research has demonstrated that students value immediacy of feedback from Al
and also the credibility of their writing instructor, and that the combination of both is more beneficial than
either alone (Meyer et al., 2024). The learner model is a bi-directional perspective of growth in proficiency
across the receptive and productive skill areas, which helps with the historical tension between test scores
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and feedback in writing courses. The framework's use of validated, explainable rubric-based scoring,
instead of opaque holistic Al scoring, ensures that it meets the needs of program administrators who must
be accountable to their institutions for scoring efficiency benefits that come with the use of Al

Challenges and Ethical Considerations

There are a number of limitations to the potential advantages of the framework. There is still some
doubt over the validity of using LLM-based scores to measure overall academic writing proficiency, as
they tend to favor aspects of the linguistic structure that are correlated with, but not necessarily reflective
of, effective arguing. Another broad concern is algorithmic bias: scoring systems that are mainly designed
to reflect rhetorical norms of dominant first-language groups, or genre norms, may systematically
disadvantage students whose rhetorical patterns differ from the distribution of the scores that the algorithms
were trained on, as noted in the literature on Al-based assessment in general and as discussed in this paper
prior to institutional implementation and usage of such tools, and that would merit special attention during
fairness audit. Another risk is over-reliance: LLM feedback is easy to access, and quick, making it easier
for learners to use it as a disincentive to engaging with their own work in a critical way unless they are
proactively supported to do so by the WSM, as suggested in Section 3.3, to promote thinking over direct
rewriting. Academic integrity issues also emerge when the distinction between Al revision and Al
authorship becomes less clear, necessitating the development of norms of disclosure regarding when it is
appropriate to use an LLM in academic writing that is given grades. Lastly, any system that collects
longitudinal learner ability estimates and writing samples will have data privacy and consent requirements,
and institutions implementing the proposed framework will need to ensure adherence to data protection
laws and to make learners aware of the ways that their data is used to inform adaptive item selection and
scoring.

Conclusion

This paper has brought together the empirical evidence regarding adaptive assessment and academic
writing support using LLMs and suggested a framework to integrate them using a common learner model.
The reviewed literature validated the validity of IRT-based adaptive testing for measuring English
proficiency efficiently and accurately, and rubric-prompted LLM scoring and feedback for providing
reliable, motivating writing support, but also revealed that there is a lack of research on the two as a
coordinated system. To overcome these concerns in terms of validity and over-reliance, the proposed
four-layered architecture includes the following components: Adaptive Assessment Engine, LLM Based
Academic Writing Support Module, shared Learner Model, and Interface and Oversight Layer, with the
aim of bridging the gap between current systems and closing it. The main value of the framework is
architectural, outlining the ways in which adaptive selection of items and generative text support can be
mutually informed in real time, rather than used in parallel and independently. The framework presented
is a design contribution that is a result of a narrative synthesis and not a validated deployment; this is the
main limitation. Future research should focus on conducting controlled pilot studies that compare the
outcomes of students when assessed using the integrated framework approach with the outcomes when
assessed using conventional fixed-form testing and feedback from the teacher only, psychometric
validation of the composite ability estimate by integrating receptive and productive ability, fairness audit
for students with different first language backgrounds, and longitudinal studies to track the progress of
writing achievement during the entire academic term. Replication across languages (in addition to English)
would also help determine if the architecture extends to other additional-language contexts. The proposed
framework, subject to this validation, provides a clear roadmap for assessment and writing instruction that
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is continuous and moves toward instruction based on individual student proficiency, rather than moving
from the measurement phase to the instruction phase two distinct phases of English language instruction.
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