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The purpose of this study was to compare the functioning of five
Cognitive Diagnostic Models (CDMs) to identify the best-fitting
CDM that can better explain the interaction underlying the
attributes of the grammar section of the University of Tehran
English Proficiency Test (UTEPT). To this end, a Q-matrix
representing the key cognitive abilities required for the grammar
section was developed. Expert input identified six essential
grammar attributes: Agreements, Clauses, Lexical Knowledge,
Connectors, Tense Recognition, and Voice Awareness. Data from
810 examinees (268 males and 542 females) aged 24 to 48,
including those who took the test in 2022, were analyzed. The five
CDMs were initially compared in terms of relative and absolute fit
statistics at the test and item level to choose the best model. It was
found that the Generalized Deterministic Inputs Noisy “And” gate
(G-DINA) model outperformed the restrictive models; thus, it was
chosen for the second phase of the study. Regarding the second

purpose of the study, the G-DINA model was used to identify the
strengths and weaknesses of the test takers. The results revealed that
understanding Tense Recognition was the most challenging
attribute for the examinees, while Lexical Knowledge was the
easiest attribute. These findings highlight the need for instructional
strategies focusing on enhancing Tense Recognition and integrating
teaching approaches that address the interdependent nature of
grammar attributes.

jonal assessmen!!as been increasingly moving towards learning the

s to make instruction more personalized and efficient (Rupp &
strategies mostly provide total scores, which tend to obscure what

1. Introduction
In recent yea

astery’of each student (Embretson & Gorin, 2001).
ipdhostic Assessment (CDA) is a comprehensive framework that has addressed this
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(Leighton & Gierl, 2007). Its primary goal is to identify the underlying knowledge components and
cognitive abilities influencing test performance. By decomposing general abilities into distinct,
measurable sub-skills or attributes, CDA enables educators to gain valuable insights into the specific
areas where learners struggle, leading to more targeted support (Yi, 2017). Such detailed diagnostic
feedback is crucial for designing specific teaching strategies and improving individualized learning
paths (Leighton & Gierl, 2007).

In spite of the advancements in CDA, there remains a gap in the implementation of Cognitive
Diagnostic Models (CDMSs) in language testing. CDMs are statistical models interpreting assessment
data in terms of specific skills or attributes mastered by learners (de la Torre, 2011; Sijtsma & Junker,
2006). Through the conversion of test responses into detailed profiles of skill mastery, CDMs facilitate
the use of personalized instruction, adaptive testing, and more accurate diagnostic feedback compared
to traditional scoring.

Despite the advancements in CDA, the application of CDMs within langu
mainly focused on reading comprehension tests (e.g., Boori et al., 2024; Chen &
et al., 2016; Jang, 2009; Javidanmehr & Anani, 2019; Li et al., 2015; Mohamme
& Robitzsch, 2018). Their use in listening comprehension has been less fre
Harding et al., 2015; Lee & Sawaki, 2009), and applications in writin
(Effatpanah et al., 2019; Kim, 2011; Ravand et al., 2024; Xie & Lei, 2021).

effective communication and academic success (Ellis, 2006; 3

Selecting the most appropriate CDM is a persistent cliiallgfige in dfgnostic assessment research
(Jiao, 2009). Early studies often used a single CDM, st items, without addressing
the model's appropriateness for the specific asses er, more recent research has

shifted toward empirically comparing several CD order to find the best-fitting models suited for
certain data sets and testing situations. Effective‘mo lection still requires systematic research in
various kinds of evaluation scenarios (Shafjg

Therefore, this study aims to agig@ tion of diagnostic modeling in grammar
assessment by empirically compari to find the optimal model: the Generalized
Deterministic Inputs Noisy “And” g/ Wodel, the Deterministic Inputs Noisy “And” gate
(DINA) model, the Deterministic Input isy JOr” gate (DINO) model, the Additive Cognitive

Diagnostic Model (A-CDM), and the RedUSg@Reparametrized Unified Model (R-RUM), as well as

40-item grammapP’test targeting various cognitive attributes and found that morpho-syntactic
knowledge—especially inflectional morphology and syntax—was the most difficult area, while
vocabulary skills were relatively easier to acquire. In a study involving 300 graduate-level examinees,
Geramipour et al. (2021) identified verb tense recognition as a persistent area of difficulty, with
idiomatic expressions being relatively easier. Shafipoor et al. (2021) analyzed data from 1,773
university students across diverse majors who completed a purpose-built General English Achievement
Test. Their findings corroborated that morpho-syntactic proficiency poses greater challenges than
lexical or vocabulary-related skills.

To provide the necessary theoretical foundation, it is essential to acknowledge cognitive
theories of grammar acquisition, which indicate that grammar competence arises from a complex,
hierarchical, and interactive system of cognitive abilities rather than isolated skills (e.g., Ellis, 2006;
VanPatten, 2017). Grammar ability is best conceptualized as a multidimensional construct composed
of distinct latent attributes. Cognitive diagnostic theory supports this view by emphasizing the need to
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identify mastery of these specific sub-skills to provide diagnostic feedback that informs teaching and
learning (i, 2017).

As previously noted, CDMs help teachers and testers understand exactly which skills a learner
has mastered and which need improvement. Among these models, the G-DINA as a saturated model is
popular because it is flexible—it can handle different ways attributes interact, whether they work
together or separately, which makes it ideal for analyzing complex learning skills and components like
reading and grammar. This flexibility helps provide detailed, accurate feedback that can guide better
teaching and learning (Mei & Chen, 2024).

Supporting these points, Mirzaei et al. (2020) retrofitted the IELTS reading test with the G-
DINA model, identifying six key reading attributes and revealing significant variation in mastery
profiles across 1025 test-takers. Similarly, Shafipoor et al. (2021) compared six CDMs—including G-
DINA, LLM, R-RUM, ACDM, DINA, and DINO—using grammar and vocabul data from a
dedicated English achievement test. Their results demonstrated that G-DINA and
best model fit. While their study focused on test development explicitly grounde
the current research applies a retrofitting approach for diagnostic purposes
diagnostic tests.

Mohammed et al. (2023) also applied G-DINA to diagnose readi
English Test (PET), constructing and validating a Q-matrix reflecting fieadi rehension theory
and expert consensus. Analysis of 435 test-takers’ responses confi i of G-DINA in

compared five constrained CDMs (DINA, DINO, ACDM, gainst G-DINA using
data from 1,152 examinees on an lIranian high-stakes la profi@ency reading test; findings
indicated that G-DINA outperformed the other models j

2.2.1. G-DINA Model. In its saty ' INA model does not distinguish itself
from other general diagnostic models by f## functions. It accounts for both the main

answering correctly without having
(6,4 and 55, ), and one interaction paramSE(6,,a; a- ). If appropriate restrictions are imposed on

t response is:
px;=llay az) =g~ (1 - s5))™ @

Where g; is the slipping and s; is the guessing probability. The DINA can be seen as a special
case of G-DINA with zero main and interaction effects except for the conjunctive effect (Sijtsma &
Junker, 2006).

2.2.3. DINO Model. DINO is a compensatory model in which mastering any one of the
necessary attributes is enough to answer the item correctly, while still accounting for slipping and
guessing. The probability that test-taker i answers item j correctly can be expressed as:

p(x] ::|_|(,(1 az) = gj(l_al)(l_az) (1 — Sj)l_(al)(az)

The probability does not differentiate between mastery of all attributes or any one attribute
(Rupp & Templin, 2008; de la Torre, 2011).
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2.2.4. A-CDM. The A-CDM is an additive model that originates from the G-DINA by setting
all interaction parameters to zero. In this model, each attribute contributes independently to the
probability of a correct response, enabling mastery in certain attributes to offset deficiencies in others.
It generally employs an identity link and assumes that the overall effect is the sum of each attribute's
contribution (de la Torre, 2011). The equation is:

p(a;)= 8o + Z’,ﬁil Ojk ai

2.2.5. R-RUM Model. The R-RUM is a non-compensatory CDM that extends the principles of
conjunctive attribute mastery. It assumes that the probability of a correct answer is influenced by
an item-specific baseline probability and penalty parameters associated with each attribute that has not
been mastered. It is regarded as a non-compensatory counterpart of the A-CDM (dega Torre, 2011).
The equation is:

j 1-alk
play) =8 TIEL, 6

To guide this investigation, the following research questions were posed:;

1) How do the DINO, DINA, A-CDM, LLM, G-DINA, and RgRU he grammar
items of UTEPT at the test level?

2) How does the G-DINA model fit the grammar items

3) What are the weaknesses and strengths of candidat

3. Method
3.1. Participants

The participants in the current study (N = ees who sat for one of the UTEPT
administrations in 2022. This test is a high-stakes éta ized assessment administered by the Faculty

of Foreign Languages and Literatures at thegdsaiversi ran, primarily required for admission

of Foreign Language
intended
sectiong

ersity of Tehran, ensuring alignment with the test's
tves. The UTEPT consists of several distinct sections: a grammar

that was original \§#0t designed for diagnostic purposes. The initial step in this process was the creation
of a Q-matrix, #vhich involves identifying the relevant attributes or sub-skills that underlie test
performance. To identify these attributes, researchers can draw from multiple sources, such as
theoretical frameworks in the content area, detailed test specifications, think-aloud protocol analyses in
which test takers verbalize their cognitive processes, and systematic content analyses of test items
(Leighton & Gierl, 2007). Additionally, previous research specific to grammar testing served as an
important resource, drawing on studies that investigated grammar sub-skills extensively (Jang, 2008;
Langacker, 2009; Lovri¢, 2024; Millrood, 2014).

In this study, to identify the attributes of the UTEPT grammar test items, grammar reference
books (Azar, 2002; Thomson & Martinet, 2015; Murphy, 2015) were consulted, and prior researches
employing CDMs in English grammar testing—where latent attributes and Q-matrices were developed
and validated (Liao, 2007; Park & Ho, 2011)—were also reviewed.
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A panel of four experienced English language teaching experts analyzed all the test questions.
Each grammar item was carefully evaluated to determine the specific grammatical points being
assessed. Then, within the framework of defined attributes and based on the opinions of those experts,
a list of foundational grammar attributes was prepared based on the research by Park and Cho (2011).
Each question was coded according to the attributes required for providing correct answers. The
following six latent attributes were defined for the Q-matrix:

Tense Recognition: The ability to identify and understand various verb tenses, which indicate the
timing of actions and convey aspects such as continuity or completion (Swan & Walter, 2011).

Voice Awareness: Understanding the distinction between active and passive voice, recognizing when
the subject performs the action versus when it receives the action (Azar & Hagen, 2009).

Connectors: The capacity to correctly use conjunctions and transitional phrases that li
ideas, thereby enhancing textual coherence (Linn, 2020).

sentences and

that contribute to sentence structure and meaning (Swan & Walter, 2011).
Agreements: Understanding subject-verb and noun-pronoun agreement
number and person, and correct pronoun reference (Hewings, 2013).

Lexical knowledge: understanding of words, their meanings, forms,
which is crucial for effective communication and language acquisition

engaged in structured
Ultimately, decisions were
sure the integrity of the Q-
leiss, 1971), which measures

made through consensus or majority vote to maintain
matrix. Inter-rater reliability was assessed using Flej

the degree of agreement among multiple raters be chance. Interpretation of Kappa values follows
conventional standards: values less than 0.20 indi€ate agreement, 0.21 to 0.40 fair agreement, 0.41
to 0.60 moderate agreement, 0.61 to 0.8Q anti ent, and 0.81 to 1.00 almost perfect

agreement.
The results demonstrated almg
recognition attribute, which exhibitg#

bment among the raters, particularly for the tense
sistency, as shown in Table 1. In the final Q-

matrix, as presented in Table 2 (See AP , each row corresponds to a specific item of the
UTEPT, while each column represents one W@le six latent attributes identified during the study. The
values in the matrix are binary, i.e., a value 0 pafcates that the attribute is essential for correctly
answering the item, w at the attribute is not required for that particular
guestion.

sess Interrater Reliability Across the Six Grammar Attributes
pa Value Z-Value P-Value Agreement Level

Tense . 9.2 0.0001 Almost perfect
Recognition agreement
Voice Awareness 0.89 8.9 0.0001 Almost perfect
agreement
Connectors 0.87 8.7 0.0001 Almost perfect
agreement
Clauses 0.55 55 0.0004 Moderate
agreement
Lexical 0.86 8.6 0.0001 Almost perfect
knowledge agreement
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Agreements 0.48 4.8 0.0005 Moderate
agreement

3.4. Procedure

In this study, data analysis was performed using the G-DINA package (version 3.6.3; Ma & de
la Torre, 2020) implemented in R software (R Core Team, 2013). This package provides a
comprehensive framework for estimating both absolute and relative fit indices, enabling comparison of
a model's fit to the data (absolute fit) and comparison among competing models (relative fit). Analyses
were conducted at both test and item levels to ensure model validity and diagnostic accuracy. Three
relative fit indices guided model evaluation: log-likelihood, which favors higher values when
comparing model coefficients; Akaike Information Criterion (AIC; Akaike, 1974); and Bayesian
Information Criterion (BIC; Schwarz, 1978). Lower AIC and BIC values indicate Retter model fit
among non-nested models.

Six absolute fit indices were also computed: M?, Root Mean Square Err
(RMSEA?), Standardized Root Mean Square Residual (SRMSR), Proportion C

response frequencies, with significant p-values indicating possible ite
et al., 2025). RMSEA? assesses the discrepancy per degree of freedo rved and model-
implied covariance matrices; values below 0.05 indicate good fit (Mayde Joe, 2014), while

residuals between observed and expected item correlations, esof 0t0 0.08 (Hu &
Bentler, 1999) and preferable values below 0.05 (Hu et al.,

Residual-based item-level statistics (Xiong et ransformed correlations (r),
proportion correct (p), and log-odds ratio (I), mea etween observed and model-
predicted values. Values near zero, supported nferroni-adjusted p-values greater than 0.05,

fit (Browne & Cudeck, 1992).

Classification accuracy, calcuj@sg 2libute and test levels, assesses agreement between
individuals' latent class assignmenty’a i lasses (Cui, Gierl, & Chang, 2012). This study
. (2015). To identify mastery status for each skill,

he most parsimonious, each with 70 parameters. Regarding relative fit indices,
the G-DINA mod®T achieved the lowest AIC value (26360.81), indicating the best relative fit when
considering model complexity. This was followed by the R-RUM and A-CDM models, with DINA and
DINO showing the highest AIC values, reflecting poorer fit. In terms of BIC, which heavily penalizes
model complexity, the R-RUM model had the lowest value (26840.87), followed closely by the A-
CDM, while the G-DINA ranked higher due to its complexity. As argued by Li et al. (2015), the BIC
proposes a large penalty for more highly parameterized models, and this is the main reason why the
value of the G-DINA model was high. Absolute fit indices further support the superiority of the G-
DINA model. It had the lowest SRMSR (0.0305), well below the acceptable threshold of 0.08, followed
by the R-RUM and A-CDM models. The DINA and DINO models exhibited the highest SRMSR
values, indicating the worst fit. Similarly, the G-DINA showed the best RMSEA? value (0.0121) with
confidence intervals within the good fit criteria, while the R-RUM and A-CDM models also indicated
acceptable fit, but DINA and DINO again showed poorer fit. The M2 statistic indicates adequate fit for
the G-DINA model (31.6, p = 0.235), whereas all other models indicate misfit. Lastly, the G-DINA
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model’s log-likelihood (-13246.41) was the highest, confirming its ability to capture the data
complexity better than the constrained models. In general, as the results of the model fit comparison
indicate, the G-DINA model demonstrated the best fit among competing models in both relative and
absolute terms despite its complexity. The R-RUM and A-CDM offered reasonable alternatives with
fewer parameters and acceptable fit, whereas the DINA and DINO models, though more parsimonious,
showed the poorest fit across most indices.

Table 3

Relative and Absolute Fit Indices
Models G-DINA DINA DINO A-CDM R-RUM
Npars 183 70 70 107 107
AIC 26360.81 26948.30 26958.63 26673.91 6595.96
BIC 26984.95 27106.80 27116.92 26919.0 .87
SRMSR 0.0305 0.0549 0.0541 .0402
Log Lik -13246.41 -13702.10 -13707.16 -13438.83
RMSEA2 0.0121 0.0482 . .0 0.0275
RMSEA2 CI 0 0.0437 .0304 0.0224
1
M2 (p) 31.6 (0.235) 516 (0) 252 (0) 197 (0)

Table 4 presents the absolute ite each five models. The results indicate

for all models were below the criticgid 17, and their adjusted p-values equaled 1. This
implies that the observed and predic{ft i correct responses were closely aligned across all

models, suggesting no significant misfit 3 evel based on this metric. However, the results for
the transformed correlations and log-odds ra eveal notable differences among the models. For these
indices, the G-DINA model achieved the most tory results, as its adjusted p-values for both the
transformed correlatio 8) and log-odds gfio (0.1183) were greater than 0.05, indicating an

acceptable fit. In con A, DINO, A-CDM, and R-RUM models showed adjusted p-values
below 0 ph is indicative of local item dependencies or model misfit at the
pairwj

Table 4

Absolute Ite

Models Mean[stats] = Max[stats] Max[z.stats] p-value Adj. p-

value
DINA I5r0p0rtion 0.0011 0.0030 0.2460 0.7762 1
correct
Transformed 0.0390 0.1465 6.2293 0.0000 0
correlation
Log odds 0.1711 0.7604 5.5322 0.0000 0
ratio
DINO Proportion 0.0011 0.0033 0.3092 0.7331 1
correct
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Transformed 0.0400 0.1600 6.8534 0.0000 0
correlation
Log odds 0.1776 0.8502 6.1546 0.0000 0
ratio
A-CDM Proportion 0.0017 0.0080 0.7413 0.4600 1
correct
Transformed 0.0272 0.1126 47870 0.0000 0.0021
correlation
Log odds 0.1247 0.5072 4.4865 0.0000 0.0033
ratio
R-RUM Proportion 0.0011 0.0050 0.4308 0.
correct
Transformed 0.0290 0.1178 4.8163 .0000 .0081
correlation
Log odds 0.0010
ratio
G-DINA Proportion ‘ 0.7055 1
correct
Transformed 0.0000 0.0678
correlation
Log odds . 0.0001 0.1183
ratio

Note. adj. p-value = adjusted p-valu

To evaluate the effectiveness of the rent CDMs, classification accuracy was examined at
both the attribute level and the test level in acC with Johnson and Sinharay’s (2018) reliability
guidelines, which specjjfillgsholds of 0.80 for ajfibute-level. As Table 5 presents, the attribute-level
results reflect excellent reliability for G-DINA and R-RUM across all skills, with occasional
weaknesses in DINA and DINO for more complex structures such as Tense Recognition and Voice

Awareness. ’\ 7
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Table 5

Attribute Level Accuracy
Attributes G-DINA A-CDM R-RUM DINA DINO
lexical 0.922 0.921 0.940 0.916 0.916
knowledge
Clauses 0.915 0.886 0.925 0.825 0.819
Agreements 0.951 0.891 0.951 0.851 0.848
Connectors 0.948 0.922 0.927 0.867 0.873
Tense 0.952 0.916 0.948
Recognition
Voice 0.917 0.903 0.916
Awareness

Table 6 reports the overall test-level accuracy—how well each
masters or non-masters of the complete test. Again, applying J. nd s (2018) threshold
of 0.70, most models achieved acceptable reliability. The G od d the highest, slightly

outperforming R-RUM and showing a notable advantage ov DM DINA.

Table 6

Test Level Accuracy
Model G-DINA A-CDM DINA DINO
Accuracy 0.781 0.752 . 0.763 0.657
Index

In this section, to evaluate mode
question, “How do the DINO, DINA, A-C

on at the test level, particularly addressing the first
LM, G-DINA, and R-RUM models fit the grammar

ed correlations (0.0678) and log-odds ratios (0.1183), indicating its
relationships. Additionally, its Attribute Level Accuracy was excellent

examinees as mag¥ers or non-masters. Together, these findings affirm the G-DINA model's superiority
in fitting the grammar items of the UTEPT, comprehensively addressing the first Research Question.

4.1.2. Model Comparison at the Item Level

The fit indices in Table 7, serve as a standard for assessing the alignment of the grammar items
with the G-DINA model. The RMSEA values for each question indicate how well the items fit the
model. Since all RMSEA values for the items in this study are less than 0.05, it can safely be concluded
that the grammar items in UTEPT exhibit a good fit with the G-DINA model. Interpreting these results
in relation to the second research question, "How does the G-DINA model fit the grammar items of
UTEPT at the item level?", the findings confirm that the G-DINA model provides an excellent item-
level fit for all grammar items in the test.
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Table 7
Item Fit Indices of 24 ltems
Item RMSEA Item RMSEA Item RMSEA
1 0.003 9 0.001 17 0.004
2 0.004 10 0.005 18 0.002
3 0.005 11 0.002 19 0.003
4 0.002 12 0.004 20 0.004
5 0.004 13 0.003
6 0.007 14 0.003
7 0.003 15 0.004
8 0.006 16 0.002

4.2. Diagnosis of Strengths and Weaknesses of Examinees

To address the third research question, “What are thg
in the grammar section of the UTEPT?” the study applied t
each examinee’s probability of mastering individual
frequencies and percentages of examinees in each
ical knowledge, making it their strongest area.
Conversely, only 18.0% mastered Tense Recognition @ch represents the most significant weakness.

Other skills, such as voice awareness (34.48

Awareness. The data clearly undersg® cas requifing pedagogical attention to strengthen students'
language competencies.

Table 8

The Frequency and Pe of “Master” and JJNon-Master”’ Persons in Each Attribute
Attributes uency Master Non-Master Non-Master

Percentage Frequency Percentage

Lexj 97.0% 30 3.0%
knéw
Clauses 44.0% 590 56.0%
Agreements 210 42.0% 600 58.0%
Connectors 190 38.0% 620 62.0%
Voice Awareness 170 34.0% 640 66.0%
Tense 90 18.0% 720 82.0%
Recognition

5. Discussion

This research aimed to develop and validate a Q-matrix and determine the optimal CDM for
the grammar section of UTEPT based on the responses of 810 participants. To achieve this, a Q-matrix
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was created by identifying the key attributes necessary to answer the grammar questions correctly,
inspired by Park and Cho's (2011) classification of grammar attributes, informed by a review of relevant
literature, and consultation with four content experts. Six core attributes were specified: Tense
Recognition, Voice Awareness, Connectors, Clauses, Agreements, and Lexical Knowledge. The Q-
matrix was then constructed and validated with high inter-rater reliability. Subsequently, data were
analyzed using five CDMs: DINO, DINA, R-RUM, A-CDM, and G-DINA. Model comparison was
conducted at both the test and item levels.

The results address Research Questions 1 and 2 by demonstrating that the G-DINA model
provides the best fit for the UTEPT grammar section at both the test and item levels. This aligns with
prior studies by Yi (2017), Geramipour et al. (2021), and Shafipoor et al. (2021), all of which showed
superior performance of the G-DINA model compared to other CDMs in grammar and language
proficiency assessments. Additionally, studies by Ravand and Robitzsch (2015), Goodyin et al. (2022),

and non-compensatory relationships among grammar attributes, enablin
complex cognitive processes underlying grammar acquisition and use.

the relationships
among the attributes of grammar are not ‘either-or’ compg pensatory, but a
combination of both.

For Research Question 3, examining candidates’ sfiien weaknesses in the grammar
section, analysis revealed that Tense Recognition is S gliing attribute, while lexical

ost difficult and vocabulary as the simplest.
Geramipour et al. (2021) identified verb tense as"a ess and idiomatic expressions as a strength

Moghaddam et al.'s (2016) findings also § andidges did not achieve mastery in skills related
to morphology, conjugation, syntax, Zd ules, but reached some mastery in vocabulary-
related skills.

6. Conclusion

The findings of this study offer thed a)and practical implications for all stakeholders
involved in language a ing. Oretically, this research contributes to the expanding
body of knowledge o tests with CDMs, specifically highlighting the utility

nables teachers to tailor instruction, design focused materials, and plan
dress the particular weaknesses of learners, thus improving the overall
xperience (Johnson et al., 2023). The findings from this research indicate that
while candidates #€nerally struggle with tense awareness—a challenging grammar skill—they show
relatively better ‘mastery in vocabulary-related skills. Because Tense Recognition involves complex
grammar rules that are harder to grasp, it is considered a difficult skill. In contrast, vocabulary
questions are primarily designed to test sentence structure understanding and are therefore simpler,
making vocabulary an easier skill for learners. Consequently, instructional emphasis should be placed
more on developing Tense Recognition to better support learner progress.

The study confirms that grammar attributes interact dynamically, reflecting the complex,
interdependent cognitive nature of language proficiency. Mastery in some grammar attributes can
compensate for weaknesses in others, demonstrating the mental flexibility and interconnectedness of
linguistic knowledge. As noted by Shafipoor et al. (2021), Geramipour et al. (2021), and Yi (2017), the
relationships among grammar attributes are neither purely compensatory nor non-compensatory but
combine both patterns. The G-DINA model’s flexible framework accommodates these mixed
relationships, aligning well with contemporary cognitive linguistic theories that view grammar as an

targeted re
teaching and le
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integrated, dynamic system rather than isolated skills. This conceptual fit supports the model’s ability
to capture complex processes underlying grammar acquisition and use, beyond mere statistical accuracy
(Croft, 2001; Lakoff, 1986; Langacker, 2008).

Despite the promising results, there are limitations that should be taken into account. The focus
on grammar as a single domain may not fully capture the multifaceted nature of language proficiency,
which encompasses listening, speaking, and writing skills. Future investigations should consider
integrating multiple language domains within diagnostic frameworks to deliver a broader, more
integrated assessment of language competence. Exploring the nuances of grammar skills across diverse
contexts and combining them with other language skills can lead to more comprehensive and effective
diagnostic tools that better inform instructional practices and improve learning outcomes.
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Appendix A
The finalized Q-matrix
The finalized Q-matrix in Appendix A shows the relationships between each test item and six

grammar attributes, indicating which specific skills are required to answer each item correctly.
Table 2
Final Q-matrix for the Grammar Test

ltem A1 A2 A3 A4 A5 A6 Item Al A2 A3 A4 A5 A6

1 1 1 0 0 1 0 13 0 0 0 1 0
2 0 0 1 0 0 1 14 0 0 0 0 1

o o

3 0 0 0 0 0 1 15 0 0 1 0 0 0

4 0 0 0 1 0 1 16
5 0 0 1 0 0 0 17
6 0 1 0 0 0 1 18

7 0 0 0 0 0 1 19

10 0 0 0 0
11 0 0 0 0
12 1 0 0 0

Note. A1 = Tense Recognition, A
Agreements, A6 = lexical knowledge. 1 =

Fecness, A3 = Connectors, A4 = Clauses, A5 =
required; 0 = Attribute not required.
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