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Abstract
Although current research shows that large language models (LLMs) have become more popular in
second-language (L2) writing assessment, we must note that strong correlation with human raters does
not imply interchangeable measurement. This study assessed the ability of six public facing LLMs to
replicate values for explicit complexity, accuracy and fluency (CAF) obtained from reviewed human
consensus coding. There were 90 observations of Iranian EFL undergraduates' argumentative essay,
which were produced by 45 students in class. Three measures of product-based CAF measures were
used: words per T-unit for Fluency, S-nodes per T-unit for Complexity, and error-free T-units per T-unit for
Accuracy. A single coding prompt and anonymized essays were each given to ChatGPT, Gemini, Grok,
DeepSeek, Claude and Microsoft Copilot. Validation evidence included correlations, paired mean
differences, bias, RMSE, normalized RMSE, Bland–Altman-type limits of agreement and within-writer
change diagnostics. For all 18 human-LLM correlations, the results were positive and significant (p <
.001); however, there was some variability across constructs and models. There was clear systematic
underestimation with complexity, and the lowest participant-level change agreement, and accuracy was
best reproduced. DeepSeek performed the best overall approximation using the combined criteria, and
ChatGPT showed the best accuracy approximation. On tasks, human reference was more accurate but
less fluent and complex in the essay two; models reproduced accuracy directions more consistently than
the fluency and complexity directions. The results indicate that alignment is not interchangeable and
suggests construct-specific validity, transparent prompting, and human verification for L2 writing
assessment using LLMs.

1. Introduction
The use of large language models (LLMs) in writing assessment has transformed the context in which
learner texts can be analyzed in practice. Generative systems are now able to segment text, detect
linguistic features, apply scoring rubrics, and provide structured numerical outputs within seconds.
These capabilities are appealing in second-language (L2) writing because detailed analysis is time
consuming, and because researchers and teachers are increasingly dealing with larger sets of L2 texts.
Meanwhile, the apparent fluency and accuracy of an LLM answer can mask a fundamental question:
does the LLM actually replicate the construct-relevant decisions that a trained human analyst would
make? This question is especially relevant when an LLM is not used to give general feedback or an
overall score, but to generate explicit linguistic measures which can then be used in statistical analyses.

Complexity, accuracy and fluency (CAF) offers a helpful framework to consider that problem. The CAF
framework has long been employed to describe partially distinct dimensions of L2 performance instead
of reducing learner writing to a single global score (Housen & Kuiken, 2009; Norris & Ortega, 2009;
Pallotti, 2009; Phuoc & Barrot, 2022; Wolfe-Quintero et al., 1998). However, the simplicity of the CAF
formulas can be deceptive. A ratio like words per T-unit needs a defensible segmentation of T-units, an
error-free T-unit ratio needs consistent decisions on grammatical errors, and a clause-based complexity
measure needs consistent decisions on the analyst's part as to what is a finite clause, what is a non-
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finite clause, what is a co-ordinated clause, what is a sub-ordinated clause, and what is a non-standard
learner clause. These choices render CAF analysis as a suitable test case for assessing the ability of
LLMs to serve as construct-sensitive linguistic measurement tools, not just as plausible text generators.

The majority of the research in AI-assisted writing assessment has been centered on holistic or rubric-
based scoring, automated essay scoring and feedback. Previous automated scoring studies focused on
feature engineering, psychometric validation and the difference between reliability and validity (Attali,
2013; Ramineni & Williamson, 2013; Shermis, 2014). Recent LLM research has demonstrated that in
certain scenarios, generative models can approximate human scores, and can also be prompt sensitive,
score compressed, systematically severe or lenient, and dimensionally disagreeable (Bui & Barrot, 2025;
Chen, 2026; Huang et al., 2026; Lee & Hwang, 2026; Wang et al., 2025; Wu et al., 2026). These results
suggest that the relationship between human and AI is not consistent and cannot be captured by a
single correlation coefficient.

The difference between alignment and agreement is therefore key. Correlation asks the question: do two
sources move in unison with each other, that is, do essays with relatively high values from human coders
also have high values from a model? Agreement asks the question, do the numerical values fall within a
reasonable distance from one another so that they can be understood on the same scale or can be
interchanged? A model can have a high correlation with human values and a negative bias, or have a
small mean difference with large errors at the essay level. Psychometric research has warned repeatedly
against the use of association as equivalence in automated scoring (Powers et al., 2015; Wang et al.,
2025). This is particularly true for explicit language measures, where a few choices of segmentation can
affect the final ratio without affecting the relative ordering of texts.

The second is construct specificity. LLM-based assessment is frequently talked about as if the
performance of the model were an intrinsic attribute of the model. But, various CAF dimensions need
different analytic operations. Product-based fluency can be relatively straightforward after words and T-
units have been identified. Accuracy relies on a rule-governed decision as to whether or not a T-unit is
grammatically error free. In the current study, complexity involves the identification of S-nodes at the
clause level as well as the segmentation of T-units. In learner writing, incomplete structures, coordination
issues, unclear clause boundaries and non-standard grammar patterns are often found. In such cases,
human reviewers can talk about them and come to a consensus; an LLM might use a different implicit
parsing rule. Thus, it is reasonable to assume that human–LLM correspondence will differ depending on
the construct as well as the model.

The present study addresses these issues in the context of a matched multi-model design. A total of 90
argumentative essays were analyzed by reviewed human consensus coding and six public LLM sources,
with the same operational definitions and prompt. The study intentionally does not consider the human
values as a gold standard, but as a reference that was reviewed, as the independent pre-consensus
ratings were not saved. The validation evidence is similarly limited: the study tests convergence with the
documented human reference, not the validity of LLM-based writing assessment. The analysis includes
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correlation, mean-level bias, numerical error, normalized error, limits of agreement, model-level synthesis
and participant-level change diagnostics. This design enables the central contribution to transcend the
question of whether or not LLMs correlate with human judgments to the more impactful question of
when they do and when they do not.

1.1. CAF measurement and construct specificity
The basis of CAF research is that L2 performance is multidimensional. The elaboration and
sophistication of linguistic resources (complexity), conformity to target-language norms (accuracy), and
amount or ease of production (fluency) are all matters of concern depending on modality and tradition of
operation (Housen & Kuiken, 2009; Housen et al., 2012). These dimensions can vary in different ways as
the learners spend finite attentional resources in conceptualization, formulation, monitoring, and textual
production (Skehan, 2009, 2016). Therefore, an overall writing score may mask a writing profile with one
dimension showing gains and another dimension showing no change or losses.

There are choices for how to measure within each CAF dimension. Syntactic complexity has been
operationalized using length based, subordination based, coordination based and phrasal indices, and no
single index reflects the entirety of the construct (Bulté & Housen, 2012; Norris & Ortega, 2009; Ortega,
2003). Multiple indexes can now be analyzed with automated tools, for example Lu's L2 Syntactic
Complexity Analyzer (Lu, 2010), which makes the analysis of multiple indexes more scalable, but still
counts of constructs need interpretation. Complexity in the present study is knowingly limited to S-
node/T-unit. S-node counter for every independent finite clause and every dependent finite (or non-finite)
clause identified by its verbal predicate. This is a clause-based definition but to be transparent also puts
a high demand on consistent segmentation.

Operationalization also has an impact on accuracy. The error-free-unit ratios are very commonly used
since they are a clear and comprehensible proportion of grammatical control, however if one local error
occurs then the whole T-unit is counted as being a non-error-free unit. Additionally, rater choices may
differ in the treatment of sentence boundaries, lexical choices, punctuation, and malformed L2
structures. The present study considers accuracy only in terms of grammatical errors and does not
include spelling, punctuation, capitalization, stylistic awkwardness, coherence, cohesion, or lexical
choice, unless they cause a clear problem in grammar. The definition of fluency used here is words per T-
unit, which is a measure of productivity rather than of the time taken or pauses in writing. The narrow
operational definitions are essential because the study does not test for the theoretical range of each of
the constructs within the CAF, but rather if the models apply the same rules.

1.2. LLMs as Writing evaluators and Linguistic analyzers.
The broad writing-assessment traditions that focus on construct definition and interpretation of scores
include a longer history of automated essay scoring (AES) in which LLM-based writing assessment fits
in place. In traditional AES systems, validation was primarily done by assessing human-score
correspondence, score reliability, fairness and construct coverage (Ramesh & Sanampudi, 2022;
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Ramineni & Williamson, 2013). LLMs alter this architecture as they can process a natural-language
instruction, analyse the text, explain the decisions and return a score or feature set without the need for a
task-specific feature pipeline. This flexibility is helpful but it also moves some of the measurement tool
to the prompt and the model configuration.

Empirical studies have yielded conflicting but gradually more coherent evidence. Mizumoto & Eguchi
(2023) showed the potential of using an AI language model for automated essay scoring, and Barrot
(2023) showed opportunities and risks for L2 writing. The hybrid approach of LLM-based AES has also
incorporated model-based representations along with linguistic elements to enhance the performance of
scoring (Atkinson & Palma, 2025). Evaluations of the quality of ChatGPT or other LLMs against human
raters have found that while there are significant relationships, there is also variation between rounds,
criteria, and prompt designs (Bui & Barrot, 2025; Kim et al., 2024; Tang et al., 2024; Yavuz et al., 2025).
More recent studies have focused on reliability, bias, fairness, and criterion-specific performance, rather
than just the correlation of scores (Chen, 2026; Han & Zheng, 2026; Huang et al., 2026; Lee & Hwang,
2026; Wang et al., 2025; Wu et al., 2026). Prompt specification is included in the reproducibility record,
and prompt engineering can change the stability of the scoring and the human alignment with it (An &
Lee, 2025).

Another, albeit less extensive, area of research focuses on particular language features rather than
overall scores. Recent studies on L2 writing (Carlo & Takeuchi, 2026) have been examining whether LLM
representations can capture characteristics of L2 writing proficiency; Jiang et al. (2023) examined L2
writing accuracy at T-unit and sentence levels with the aid of AI. This transition is significant from a
methodological point of view. If the desired result is the number of T-units, clauses, errors or words, then
a fluent explanation will not replace accurate measurement. The model should reflect the operational
decision sequence that is dependent on the final value.

1.3. From alignment to agreement
Pearson or Spearman correlations are often reported in human–LLM studies as they offer an intuitive
measure of correspondence. But there is a possibility of a high correlation and systematic bias. Rank
ordering may not change much when a fixed value is subtracted from human complexity values across
the board by a model, even though the measurements are not interchangeable. On the other hand, a
small average difference may hide large positive and negative errors that average out to a small
difference. Complementary evidence of association, bias, and dispersion is needed for validation,
however.

Several agreement oriented indices are used in the present analysis to tackle these differences. Bias is
the average of the paired difference between the LLM and human value. RMSE provides an overall
indication of the size of the numerical differences and places more emphasis on the larger differences.
The three dimensions of the CAF operate on different scales, so RMSE are divided by the human range of
observations of the construct, or normalized RMSE (nRMSE). Bland-Altman type limits of agreements
(Bland & Altman, 1986) are approximate limits that contain most paired differences. These measures are
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not designed to provide universal thresholds of interchangeability, but to make apparent the forms in
which disagreements occur that correlation does not detect.

Practical implications of construct-specific validation. A model good for accuracy screening of the
students' product in the preliminary stage might not be suitable for syntactic-complexity measuring.
Likewise, the model that has the lowest average means might not have the best essay level alignment.
The question is therefore not just which LLM is 'best' but what is an acceptable model–construct
combination for the purpose of the intended analysis. This view provides the motivation to carry out the
multi-indicator comparison below.

1.4. Study purpose and research questions
Given this backdrop, the current study explored the possibility of six public LLM models as reproducible
tools for explicit CAF measurement in L2 argumentative writing. Instead of correlation being used as
evidence of validity, association, systematic error, numerical error and construct-specific
correspondence are checked against a reviewed human consensus reference. The analysis was guided
by three research questions:

RQ1. How well do LLM's agree with the human consensus reference on product-based fluency, syntactic
complexity and accuracy?

RQ2. What are the differences between human-model agreement by model by CAF construct and which
model gives the best overall approximation to the human reference with respect to the combined criteria
of the study?

RQ3. How well do the models reflect the CAF change profile found by the human reference within the
writer and between the two writing occasions?

RQ3 is not interpreted as a test of language development as it is secondary validation evidence as the
same topic is repeated without an instructional intervention.

2. Methods

2.1. Design, setting, and participants
The study adopted a descriptive quantitative design with a comparative and correlational analysis. For
fluency, complexity, and accuracy, each essay observation included one human consensus value and a
corresponding value from each LLM. Thus, human-LLM analyzes were matched at the level of essay-
observation. Each learner also produced two essays, permitting secondary within-participant
comparisons across writing occasions.

Participants were Iranian EFL undergraduate students from the English Department of a university in
Iran. Eighty students completed an online placement screening based on KET, consisting of grammar
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and vocabulary items similar to KET. The instrument was used for sample homogeneity and was not an
official Cambridge qualification. SIXTY-FIVE students achieved the desired intermediate to upper
intermediate criterion. Forty-five students completed both writing occasions. The final analytic sample
consisted of 45 learners (aged 18–26) and 90 essay observations. Convenience sampling was used.
Participation was voluntary. Demographic variables were recorded in a descriptive manner and were not
analyzed as predictors.

2.2. Writing task and dataset
Each participant wrote two argumentative essays in classroom conditions with a two-week interval.
Argumentative writing is a long-standing area of L2 writing research (Amini Farsani et al., 2025). On both
occasions the same prompt was used: ‘Do social media platforms help or harm real-life communication
skills?’ Between Essay One and Essay Two, no corrective feedback, instructional treatment, or explicit
guidance on revision was provided. Using the same topic reduced variation in difficulty of the topic, but
also introduced the possibility of familiarity or practice effects. Nevertheless, occasion differences are
interpreted as changes in observed performance under similar task conditions, rather than as evidence
of instruction-driven development (Li & Yu, 2024; Wu et al., 2023).

Raw counts and calculated CAF values were both in the dataset. Raw counts included total words, total
T-units, error free T-units and total S-nodes. All essay records were anonymized and aggregated by
participant and occasion before human and LLM analysis.

2.3. CAF measures and human reference coding
Table 1

Operationalization of the three CAF measures
Measure Operationalization Key coding decision

Product-
based
fluency

Total words / total T-
units

T-unit segmentation; word count includes misspellings and
contractions as one word.

Syntactic
complexity

Total S-nodes / total
T-units

One S-node per independent finite clause and each
dependent finite or non-finite clause identified through its
verbal predicate.

Accuracy Error-free T-units /
total T-units

A T-unit is error-free only when it contains no grammatical
error; spelling, punctuation, capitalization, style, coherence,
and lexical choice are excluded unless they create a clear
grammatical problem.

Note. The operational definitions were applied to both the human consensus coding and the LLM
extraction. “Fluency” is a product-based productivity measure and should not be interpreted as
temporal writing speed.

The three CAF measures are summarized in Table 1. The analysis was based on segmentation and
classification decisions and therefore only the study-specific rules needed for replication are listed here.
Independent clauses linked by coordinating conjunctions were counted as separate T-units if each had
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its own subject and finite verb. S-nodes were counted at the level of clauses, including dependent finite
and non-finite clauses. Auxiliaries and modals within a single verbal construction were not counted as
separate S-nodes. Accuracy coding was restricted to grammatical errors. The same rules were
predetermined and applied for both human coding and the standardized LLM prompt.

Human reference values were established by a consensus procedure that was reviewed. The first author
coded all essays for words, T-units, error-free T-units, and S-nodes. The coded data set was checked by
the second author and an MA level reviewer. Ambiguous cases were resolved by discussion. The
reference for all human–LLM comparisons was the average consensus values. Since independent pre-
consensus ratings were not retained, it is not possible to estimate an ICC retrospectively and these
values are referred to as a human consensus reference rather than a reliability-validated gold standard.

2.4. LLM sources, prompt standardization, and extraction
The anonymized essay texts were submitted to six public-facing LLM sources: ChatGPT (GPT 5.5),
Gemini 3.1 Pro, Grok 4.3, DeepSeek V4, Claude Sonnet 4.6 High and Microsoft Copilot Smart. The labels
correspond to the model or mode that each public interface exhibited during the data-collection period
and not to immutable backend endpoints. The research archive held contemporaneous screenshots, and
a brief model/mode log is provided in Supplementary Appendix B.

For each essay-model pair, we ran one standardized extraction run using the same prompt for all six
systems. The prompt did not ask each model to rewrite, correct, summarize, evaluate, score, or improve
the essay; it only asked for the raw counts and the calculated CAF values. The full prompt including
study-specific coding rules and fixed output format is reproduced in Supplementary Appendix A. The
reproducibility checklist is provided in Supplementary Appendix C. LLM-based scoring and coding may
be prompt sensitive (An & Lee, 2025; Lee & Hwang, 2026; Tang et al., 2024). Thus, the prompt should be
considered as part of the measurement procedure.

Outputs were checked for missing or impossible values. error-free T-units could not be greater than total
T-units, total T-units had to be greater than zero, and accuracy values had to be between zero and one. If
the model produced both explanatory prose and numerical output, only the numerical values that were
requested were entered into the analytic dataset. One run per essay and model provided procedural
symmetry but no evidence of repeated-run stability.

2.5. Data analysis

2.5.1. RQ1: Human-model alignment and numerical
agreement
To answer RQ1, we first calculated descriptive statistics for all sources and all CAF dimensions. To
explore human-model alignment, we computed Pearson correlations of matched essay observations.
Because correlation is a measure of association rather than numerical equivalence, paired-samples t
tests were also used to test systematic mean differences between each model and the human
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reference. Cohen’s dz and 95% confidence intervals were reported for the paired comparisons. Then, the
agreement was evaluated by calculating mean bias, root mean square error (RMSE), normalized RMSE
(nRMSE) and Bland–Altman-type limits of agreement (Bland & Altman, 1986) from the paired differences
(LLM value - human value).

2.5.2. RQ2: Construct- and model-specific agreement
For RQ2, model performance was assessed by multiple indicators, rather than a single ranking statistic,
across constructs. The synthesis considered correlation, mean absolute error, number of non-significant
human-model mean differences, nRMSE, and balance of fluency, complexity, and accuracy. In the study,
several planned comparisons were involved and converging evidence was used to interpret the results.
Findings with p < .001 were considered the strongest evidence of sensitivity; larger but conventionally
significant p values were interpreted more cautiously.

2.5.3. RQ3: Within-writer change correspondence
To address RQ3, paired-samples tests were used to compare Essay One and Essay Two within each
source. Direction agreement at the participant-level was computed as the proportion of learners for
which a model and the human reference pointed in the same direction of change. These percentages are
descriptive diagnostics, not reliability coefficients corrected for chance. Occasion effects are assumed
to reflect changes in observed performance within writers, as no intervention occurred between
occasions and they can be considered repetitions of the same topic rather than developmental
instructional effects.

3. Results

3.1. Descriptive overview
For the 90 essay observations, the human mean was 16.161 for product-based fluency (SD = 3.107),
3.169 for complexity (SD = 0.557), and.480 for accuracy (SD = .198). LLM fluency means we are relatively
close to the human mean, ranging from 15.710 to 16.416. Greater separation emerged for complexity:
Grok 4.3 produced a mean of 3.163, nearly identical to the human mean, while Microsoft Copilot Smart
produced 2.670. Range was .448 to .533. These descriptive patterns indicated that mean closeness
differed across model-construct pairings and needed to be analyzed concurrently with essay-level
correspondence.

3.2. RQ1: Human-model alignment and numerical
agreement
The human–LLM alignment and agreement results are presented in Table 2.

[Insert Table 2 here]
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Table 2
Human–LLM alignment and agreement-oriented summary

Model CAF r Bias (p) nRMSE

ChatGPT Fluency .832 −.328 (.117) .150

ChatGPT Complexity .775 −.403 (< .001) .217

ChatGPT Accuracy .900 + .030 (.003) .108

Gemini Fluency .810 + .123 (.580) .158

Gemini Complexity .717 −.290 (< .001) .205

Gemini Accuracy .850 −.025 (.065) .145

Grok Fluency .882 + .254 (.181) .136

Grok Complexity .739 −.005 (.915) .165

Grok Accuracy .735 −.032 (.079) .194

DeepSeek Fluency .918 + .176 (.236) .106

DeepSeek Complexity .847 −.150 (< .001) .132

DeepSeek Accuracy .867 + .012 (.290) .120

Claude Fluency .861 −.452 (.029) .149

Claude Complexity .739 −.256 (< .001) .193

Claude Accuracy .789 + .053 (< .001) .171

Copilot Fluency .648 −.342 (.317) .243

Copilot Complexity .624 −.499 (< .001) .287

Copilot Accuracy .690 + .053 (.015) .235

Note. All Pearson correlations were significant at p < .001. Bias = model mean - human mean; the p
value in parentheses is from the paired-samples test of the mean difference. nRMSE = normalized
root mean square error. Model names are shortened here; full model or mode labels are reported in
Section 2.4.

All 18 human-LLMs correlations were positive and statistically significant (p < .001). Correlations for
fluency ranged from r = .648 for Microsoft Copilot Smart to r = .918 for DeepSeek V4. Complexity
correlations ranged from r = .624 (Microsoft Copilot Smart) to r = .847 (DeepSeek V4). The correlations
for accuracy ranged from r = .690 for Microsoft Copilot Smart to r = .900 for ChatGPT. The universal
positive alignment thus suggests that all models captured some of the relative ordering present in
human coding but the strength of that alignment was model and construct dependent. This construct-
specific alignment profile is illustrated in Fig. 1.
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Paired mean comparisons told a very different story. Reduced LLM complexity was the most consistent
pattern. ChatGPT, Gemini, DeepSeek, Claude and Microsoft Copilot all generated significantly lower
complexity means than the human reference (all p < .001) whereas Grok did not differ significantly in
complexity (p = .915). We also found significant mean differences for accuracy of the ChatGPT (p
= .003), fluency of the Claude (p = .029), accuracy of the Claude (p < .001), and accuracy of the Microsoft
Copilot (p = .015). The clearest sign of systematic bias in the sensitivity reading of the study was the
repeated differences in complexity.

Agreement-based error indices supported the same conclusion. DeepSeek achieved the lowest nRMSE
for fluency (.106) and complexity (.132), whereas ChatGPT achieved the lowest nRMSE for accuracy
(.108). Microsoft Copilot had the highest nRMSE in all three dimensions (.243, .287 and .235
respectively). Negative bias in Complexity was also found for five of the six models. Thus the most
consistent cross-model calibration problem was underestimation of clause-based structural elaboration.
Figure 2 shows the normalized error profile across models and constructs.

3.3. RQ2: Construct- and model-specific agreement
Table 3 summarizes the model-level results across the three CAF dimensions.

[Insert Table 3 here]

Table 3
Model-level synthesis across CAF dimensions

Rank Model Avg r Avg MAE /
nRMSE

NS diffs Interpretation

1 DeepSeek .878 .468 / .119 2 Best overall balance; top F/C
alignment

2 ChatGPT .836 .706 / .158 1 Best accuracy alignment

3 Claude .796 .687 / .171 0 Strong fluency; bias in all three
means

4 Gemini .792 .734 / .169 2 Strong accuracy; complexity
underestimation

5 Grok .785 .513 / .165 3 Closest mean levels; weaker
accuracy

6 Copilot .654 1.096 / .255 1 Weakest alignment; largest
normalized error

Note. Avg r = average Pearson correlation across the three CAF dimensions; Avg MAE = average
mean absolute error on the original scales; nRMSE = normalized root mean square error; NS diffs = 
number of non-significant human-model mean differences. The ranking is based on converging
evidence rather than any single statistic.
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DeepSeek V4 was the first in the study’s combined criteria, with the highest average correlation (r = .878),
lowest average MAE in the original ranking, and lowest average nRMSE (.119). ChatGPT was ranked
second and had the highest correlation for individual accuracy (r = .900). Grok illustrates the importance
of multiple statistics to gage the quality of LLMs. It is the only model with no significant human–LLM
mean difference in any CAF dimension but its average correlation is lower than DeepSeek’s and its
accuracy alignment is comparatively weaker. Microsoft Copilot showed the lowest average alignment
and the highest normalized errors.

Thus, the pattern at the model level is less important than the stronger finding at the construct level.
Complexity repeatedly led to less human–LLM agreement than the other dimensions. Five models
significantly under-estimated complexity. Complexity also produced the weakest agreement in direction
of change, as reported in participant-level diagnostics below. The same models could perform well on
one dimension and less well on another, suggesting that ‘LLM reliability’ is not a unitary property
independent of the construct being measured.

3.4. RQ3: Within-writer change correspondence
Table 4 presents the Essay Two minus Essay One changes for the human reference and each LLM
source.

[Insert Table 4 here]

Table 4
Essay Two minus Essay One change by source

Source Δ Fluency Δ Complexity Δ Accuracy

Human −2.068*** −.304*** + .236***

ChatGPT (GPT 5.5) −2.272*** −.391*** + .230***

Gemini 3.1 Pro −1.944*** −.164 (p=.080) + .202***

Grok 4.3 −1.870*** −.116 (p=.254) + .209***

DeepSeek V4 −2.337*** −.268*** + .224***

Claude Sonnet 4.6 High −1.953*** −.234 (p=.023) + .209***

Microsoft Copilot Smart −2.951*** −.226 (p=.078) + .246***

Note. Positive values indicate an increase from Essay One to Essay Two; negative values indicate a
decrease. *** p < .001. Claude complexity was conventionally significant at p = .023 but did not meet
the study’s stricter p < .001 sensitivity benchmark.

The human reference showed a large drop in fluency from 17.195 to 15.127, a large drop in complexity
from 3.320 to 3.017, and a large increase in accuracy from.362 to.598 (all p < .001). All six LLMs
replicated the sharp drop in fluency and boost in accuracy. Complexity was less stable: ChatGPT and
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DeepSeek showed p < .001 decreases, Claude showed a smaller conventional p = .023 decrease, and
Gemini, Grok, and Microsoft Copilot did not show statistically significant complexity change.

Participant-level agreement of direction provided more local diagnosis. Accuracy agreement ranged
from 77.8% to 93.3% where ChatGPT and DeepSeek agreed with the human direction for 42 of 45
participants (93.3%). Fluency agreement varied between 71.1% and 91.1%. Complexity was again the
lowest, ranging from 51.1% for Microsoft Copilot to 73.3% for both ChatGPT and DeepSeek. Thus, both
the average change profile and the participant level analysis came to the same conclusion: the LLMs
were more consistent in replicating accuracy and fluency direction than complexity direction. Figure 3
shows the direction-agreement pattern at the subject level.

These occasion results are not to be seen as evidence of instructional development. And no intervention
was done. Same topic was repeated after 2 weeks. The defensible conclusion is more limited: the
human reference exhibited an accuracy-oriented shift with decreased product-based fluency and clause-
based complexity under similar writing conditions, and the LLMs reproduced some aspects of that
pattern with greater reliability than others.

4. Discussion

4.1. Strong alignment does not establish interchangeability
Our main result is that human-LLM alignment is consistently positive, but numerical agreement is
inconsistent. All models were significantly correlated with the human reference on each CAF dimension.
However, several model-construct combinations exhibited systematic mean bias and nontrivial
normalized error. This pattern shows why correlation alone is not a sufficient validation statistic. One
model can retain the relative ordering of essays, but operate on a shifted numerical scale. This change is
relevant for research that employs LLM-derived CAF values as variables in subsequent analyzes, as it
alters the interpretation of absolute values and may impact thresholds, group comparisons, or
longitudinal interpretations.

This distinction is in line with recent psychometric research on LLM raters. Wang et al. (2025) emphasize
the importance of assessment of reliability and validity with a range of types of evidence, and Wu et al.
(2026) show that high internal consistency can exist with bias and criterion-specific effects. The present
study expands that concern from holistic or rubric-based scoring to explicit linguistic measurement.
Even when the output is a transparent ratio rather than a subjective writing score, the underlying
segmentation and classification decisions create opportunities for systematic disagreement.

The results also temper claims about the possibility of replacing manual coding with LLMs, as they
correlate highly with human judgments. Even strong correlation may be enough to make an LLM useful
for initial pattern detection. An exact measurement still requires calibration or human verification. The
amount of evidence of agreement is thus determined by the intended use. This nuanced meaning is
better than a binary conclusion that LLMs can or cannot analyze writing by learners.
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4.2. Complexity as the most vulnerable construct
The most consistent result across analyzes concerned complexity. Five models significantly
underestimated complexity. Normalized error was generally higher for complexity than for accuracy in
the better-performing models. Participant-level direction agreement was lowest for complexity. The
explanation is probably the analytic operations required by the measure. S-nodes per T-unit comprises
two segmentation decisions: the model has to identify T-unit boundaries and then identify independent
and dependent finite or non-finite clauses. The structures in learner writing do not always map neatly to
idealized grammar: subjects are omitted, coordination is faulty, syntax is run-on, clauses are incomplete,
verb constructions are ambiguous. A small difference in the parsing of these cases affects both the
numerator and denominator.

Human consensus coding can stabilize such decisions as reviewers can compare interpretations and
resolve ambiguous cases under a shared rule set. Public LLM interfaces, however, rely on latent internal
representations and might not follow the syntactic definitions in the prompt as closely. The outcome is
not necessarily random error: the negative complexity bias repeated across the models indicates a
tendency for multiple models to find fewer S-nodes, more T-units, or a combination thereof when
compared to the human reference. This is exactly the kind of construct-specific calibration problem that
a global statement about "LLM accuracy" would miss.

The complexity result also concerns other matters than the specific S-node ratio used here. Syntactic
complexity in L2 is multidimensional and more advanced writing may be based on phrasal elaboration or
complex nominals rather than on increasing clausal subordination alone (Bulté & Housen, 2012; Kyle &
Crossley, 2017; Norris & Ortega, 2009). We do not assess these broader indices in the present study.
Instead, it demonstrates that even a narrowly defined clause-based index can be sensitive to model-
specific interpretation. Thus, future work should validate each automated syntactic measure
independently, rather than assuming that success on one index generalizes to others.

4.3. Accuracy and fluency: stronger but not error free
The most consistently reproduced dimension of change was accuracy. All models detected the large
increase in accuracy from Essay One to Essay Two. Participant-level direction agreement was highest for
accuracy. ChatGPT also had the best human correlation for accuracy (r = .900). One reason for this is
that the study's error-free T-unit rule limited the decision space, such that a T-unit either contained a
grammatical error under the stated rules or it did not. Grammatical-error classification is subjective by
nature, but the prompt explicitly excluded punctuation, spelling, style, coherence, and lexical choice,
which likely reduced variation in what models counted as an error.

Finally, we found strong alignment for several models with fluency, especially DeepSeek (r = .918) and
Grok (r = .882). However, its apparent simplicity was still dependent on T-unit segmentation, as the
measure was the number of words per T-unit. It should also be stressed that this is product-based
fluency, rather than temporal fluency. The measure is not a measure of writing speed, pause, or online
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processing. The current design is useful in that it provides a transparent productivity ratio that can be
compared across human and LLM coding using the same formulas.

4.4. Model choice and the limits of rankings
DeepSeek V4 gave the best overall approximation under the combined criteria used in this dataset, while
Grok was closest to the human mean level, and ChatGPT was closest in accuracy alignment. The results
demonstrate why model rankings must be viewed as conditional rather than universal. A ranking is
sensitive to the constructs, prompt, data, model configuration, error metric and purpose of analysis.
Labels on public-facing models can also reflect backend configurations that change over time. The
scientific contribution is not that one model consistently outperforms others, but that the model choice
has a material effect on measurement and should be transparently reported.

This is particularly relevant for reproducibility. Store prompt text, interface displayed model or mode
label, collection date, output format, and raw outputs. Where stable APIs exist, researchers should also
report endpoint/version information, relevant decoding settings, and repeated-run stability. In the present
study, one prompt was employed, eliminating one source of procedural variability but not stochasticity or
hidden model updates.

4.5. Implications for L2 writing research and assessment
For L2 writing researchers, the findings indicate a supplementary rather than a substitutive role of LLM-
based CAF analysis. Models can be useful for initial screening, finding patterns in large data sets, or
flagging texts for closer human review. However, before using LLM-derived values as definitive research
variables, especially if syntactic segmentation is the main concern, construct-specific validation should
be conducted. A small, human-coded calibration subset could be utilized to estimate bias and error
before applying a model on a larger corpus.

The study reinforces the distinction between analytic assistance and consequential scoring for
assessment practice. The current measures were used for research-level linguistic analysis, not for high-
stakes decisions about individual learners. Strong pattern-level correspondence does not justify
substituting trained human judgment in contexts where exact values, fairness, or individual
consequences matter. Check particularly for complexity and for essays with non-standard or ambiguous
syntax.

The findings also support a multidimensional reading of learner writing. According to the human
reference, Essay Two was more accurate, but less fluent and less syntactically complex. It would be
misleading to combine those outcomes into a single ‘improvement’ claim. LLM-assisted CAF analysis
can be pedagogically useful because it can make such profiles visible, but only if teachers and
researchers understand the operational meaning and limitations of each index.

4.6. Limitations and methodological priorities

Page 15/24



The findings are limited in their interpretation by several factors. First, the sample was only 45 learners
from one Iranian university and one argumentative topic. Thus, the results should be interpreted as
evidence specific to this context, not as a general ranking of LLMs or as a universal estimate of human–
LLM agreement. Replication is needed across institutions, proficiency levels, L1 backgrounds, genres,
and task types.

Second, the human reference was a reviewed consensus coding, not a set of maintained independent
blind ratings. The consensus procedure provides a defensible common reference for matched
comparison but does not allow for independent inter-rater reliability to be estimated. In future studies,
coder scores prior to consensus should be retained and an appropriate agreement coefficient reported,
with disagreements resolved by consensus. This would enable the model-human gap to be understood
within the framework of the normal range of human-human disagreement.

Third, each essay-model combination was executed exactly once through a public web interface. The
study does not provide estimates of stochastic variability within the model, prompt-run reliability, or
effects of back-end model updates. Repeated runs in controlled API settings would provide more
evidence of stability. A future design could separate between-model variance from within-model run
variance and assess whether observed model differences are larger than repeated-run fluctuation.

Fourth, each participant wrote two essays, which resulted in nesting at the participant level. For the main
human-LLM comparisons, matched essay observations were used; occasion comparisons were within-
participants. Larger replications should more explicitly model the repeated essays using mixed effects
approaches. Agreement inference would also benefit from formal false-discovery-rate or family-wise
procedures, concordance correlation coefficients, and raw-data Bland-Altman plots.

Finally, the repeated writing part had the same topic and no instructional intervention. Familiarity or
practice effects are indistinguishable from other occasion-related changes. Hence, the repeated-writing
analysis here is not evidence for L2 development due to teaching or feedback, but a diagnostic test of
whether LLMs replicate a human-observed pattern of change.

5. Conclusion
This study evaluates six LLMs as tools for explicit CAF measurement in L2 argumentative writing by
comparing their outputs to reviewed human consensus coding across 90 essays. All models showed
significant positive alignment with human values, suggesting LLMs can capture meaningful relative
patterns in learner writing. But alignment was not about numerical agreement. Bias, normalized error and
participant-level diagnostics revealed well-defined model- and construct-specific differences. Clause-
based complexity was the least stable dimension. Accuracy was the most consistently reproduced
change dimension.

The major methodological implication is straightforward: human–LLM correlation should not be
interpreted as interchangeability. Validation of the LLM-based linguistic measurement needs to occur at
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the level of the specific construct, prompt, model configuration and intended use. Under the conditions
of this study, DeepSeek V4 was the strongest overall approximation and ChatGPT was the strongest
accuracy alignment, but these model-specific results are secondary to the larger conclusion that
construct matters. LLMs can assist in CAF analysis, especially in the initial screening and pattern
recognition, but accurate quantification still depends on well-defined protocols, calibration, and human
validation.
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Figures

Figure 1

Human-to-LLM Pearson correlations across fluency, complexity, and accuracy. All correlations were p <
.001. Higher values indicate stronger alignment with the reviewed human consensus reference.
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Figure 2

Normalized RMSE (nRMSE) for each model and CAF dimension. Lower values indicate closer numerical
agreement with the reviewed human consensus reference after scale adjustment.
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Figure 3

Participant-level agreement in the direction of Essay One-to-Essay Two change. Values show the
percentage of learners for whom each LLM and the reviewed human consensus reference indicated the
same direction of change.
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