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Abstract

This study evaluates the construct validity of automated complexity, accuracy, and fluency (CAF)
metrics for Al-assisted analysis of L2 writing. As automated feedback systems and learner analytics
increasingly rely on computational indicators to evaluate learner texts at scale, it is necessary to
establish whether these metrics support defensible interpretations before pedagogical or longitudinal
use. Using a cross-sectional dataset of 1,000 Korean EFL learner texts and minimally corrected
counterparts generated by a fine-tuned grammatical error correction model, we examined candidate
CAF indicators within a structural equation modeling framework. Accuracy was operationalized using
GLEU and edit/error count, fluency using raw perplexity (PPL) and delta perplexity (APPL), and
complexity using selected L2SCA indices. GLEU and edit/error count converged but were redundant,
supporting GLEU as a single observed accuracy indicator. Raw PPL and APPL also converged in
isolation, but their latent fluency specification became inadmissible in the full model. For complexity,
a three-indicator factor comprising MLT, MLC, and CN/C produced a stable measurement structure.
In the final admissible SEM, APPL showed stronger covariance with GLEU, whereas raw PPL showed
stronger covariance with Complexity, indicating a trade-off between correction-normalized fluency
and construct separation. The findings support a reduced framework while highlighting the need to
compare PPL and APPL further in longitudinal modeling.
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Introduction

The Complexity—Accuracy—Fluency (CAF) framework models second language (L2) performance as
a multidimensional construct and is widely used to compare proficiency, evaluate instruction, and track
development in L2 writing (Housen, Kuiken, & Vedder, 2012; Norris & Ortega, 2009; Ortega, 2003).
As learner corpora have expanded, CAF research has increasingly relied on automated pipelines,
including the L2 Syntactic Complexity Analyzer (L2SCA) for syntactic indices and grammatical error
correction (GEC) metrics such as GLEU for correction-based accuracy estimates (Lu, 2011; Napoles,
Sakaguchi, Post, & Tetreault, 2016). This shift improves scalability but raises a central measurement
problem: whether computational proxies represent the theoretical constructs they are intended to mea-
sure (Biber, Gray, Staples, & Egbert, 2020).

This problem is especially acute because CAF indicators can be heterogeneous, redundant, or dependent
on pipeline choices. Omnibus measures such as Mean Length of T-unit (MLT) collapse clausal subor-
dination and phrasal elaboration into a single value, making them difficult to interpret linguistically; at
higher proficiency levels, clausal subordination plateaus while phrasal compression and noun-phrase
density better capture advanced academic writing development (Norris & Ortega, 2009; Biber, Gray,
& Poonpon, 2011; Biber & Gray, 2016; Biber et al., 2020). Accuracy measures derived from GEC sys-
tems introduce a parallel problem: reference-based metrics often penalize valid corrections absent from
gold-standard references, while automated correction outputs embed a correction policy, such as minimal
repair or stylistic rewriting, that can shift the construct being measured (Bryant, Felice, & Briscoe, 2017;
Dahlmeier & Ng, 2012; Napoles, Sakaguchi, & Tetreault, 2016, 2017; Sumner & Dillon, 2026). Recent
work has questioned the reliability of traditional n-gram metrics for evaluating modern neural corrections
and has proposed LLM-based or multi-reference alternatives to better account for legitimate linguistic
variation (Kobayashi, Mita, & Komachi, 2024; Goto, Sakai, & Watanabe, 2025; Klinger et al., 2025).

Under contemporary validity theory, validity is not an intrinsic property of a metric but a function of
score interpretation and use (Messick, 1994; Kane, 2013; Chapelle & Voss, 2013). For CAF analysis,
this requires evidence that indicators relate in ways consistent with their proposed constructs and
exhibit a stable internal structure (Kline, 2011; Vafaee & Kachinske, 2019). This study evaluates auto-
mated indicators of accuracy, fluency, and complexity: GLEU and edit-based measures for accuracy,
language-model perplexity (PPL) and APPL for fluency, and L2SCA indices of length and phrasal
sophistication for complexity (Lu, 2011; Bryant et al., 2017; Barrot & Agdeppa, 2021; Sanchez, Dob-
nik, & Volodina, 2024; Sumner & Dillon, 2026). Using Confirmatory Factor Analysis (CFA), tests
whether the indicators provide internal-structure evidence consistent with separable CAF dimen-
sions, as predicted by CAF theory, rather than collapsing into a single proficiency factor (Koizumi &
In’nami, 2014; Kim et al., 2018; Vafaee & Kachinske, 2019). Establishing this structure supports sub-
sequent longitudinal modeling of L2 writing development and broader applications in computer-as-
sisted feedback, learner analytics, and progress monitoring across instructional contexts (Barkaoui,
2014; Murakami, 2016; Vercellotti, 2017).

Literature Review
The CAF Framework: Theoretical Foundations and Tensions

The Complexity—Accuracy—Fluency (CAF) framework in SLA models L2 performance as multidimen-
sional, not unitary, based on the assumption that development occurs through partially independent,
potentially asynchronous dimensions (Housen et al., 2012; Pallotti, 2015). In L2 writing, complex-
ity denotes the elaboration and sophistication of grammatical (and often lexical) resources, accuracy
denotes conformity to target-language norms, and fluency denotes ease, naturalness, and processing
efficiency in language use (Ortega, 2003; Thewissen, 2013; Segalowitz, 2010; Vercellotti, 2017).
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A central claim in CAF theory is that these dimensions compete under limited attentional resources.
Skehan’s Limited Capacity Hypothesis predicts trade-offs, whereby increased attention to structural
elaboration can reduce resources available for accuracy monitoring or fluent production (Skehan,
1998). By contrast, Robinson’s Cognition Hypothesis predicts that increased task complexity can pro-
mote simultaneous gains in complexity and accuracy, though often with fluency costs under greater
processing demands (Robinson, 2011; Plakans et al., 2019). Recent evidence from computer-mediated
environments supports these cognitive tensions, demonstrating that while automated written corrective
feedback can significantly improve accuracy, it often fails to promote growth in syntactic complexity
or fluency, as learners selectively prioritize grammatical repair over other dimensions of performance
(Cheng & Zhang, 2025).

Empirical findings do not support a single stable relationship among CAF dimensions. Accuracy—
complexity relations vary by proficiency and task, and can be competitive, facilitative, or sequential
rather than uniformly trade-off based. Covariation among indicators is expected, but does not remove

the need to test whether they form distinguishable dimensions in a given dataset (Thewissen & Anish-
chanka, 2022).

This issue is partly methodological. Norris and Ortega (2009) argue that metric choice can determine
whether indicators behave as construct-specific measures or as proxies for general proficiency. Con-
sistent with this, some studies report separable latent constructs in writing data, whereas others report
correlations large enough to suggest functional redundancy (Koizumi & In’nami, 2014). The issue is
not the validity of CAF theory itself, but whether measurement choices preserve multidimensionality
in a given dataset.

Automation intensifies this problem by expanding index availability while weakening interpretability.
Omnibus or length-based measures often collapse distinct forms of syntactic elaboration into a single
score, obscuring whether higher values reflect clausal subordination, phrasal elaboration, or verbosity
(Biber et al., 2020). Recent Al-mediated writing research reinforces this concern from both assessment and
feedback perspectives: fine-tuned generative models often outperform traditional linguistic complexity
measures in predicting human ratings, yet still vary across L1 groups and lower-proficiency essays, while
Al- and teacher-mediated corrective feedback can improve accuracy and writing quality without produc-
ing parallel gains in syntactic complexity (Liu, Qi, & Lu, 2025; Abdi Tabari, Kushki, & Wang, 2025).
In longitudinal research, this is consequential because apparent fluctuation can reflect metric instability,
learner-group bias, feedback effects, or construct contamination rather than development (Larsen-Free-
man, 2006; Boulton & Vyatkina, 2021; Murakami, 2016). Automated CAF analysis requires evidence that
selected indicators preserve the theoretical distinction among complexity, accuracy, and fluency. Establish-
ing this structure is a prerequisite for later growth modeling and for interpreting trade-offs or co-develop-
ment as developmental effects (Koizumi & In’nami, 2014; Barkaoui, 2014; Murakami, 2016).

Operationalizing Complexity

A persistent problem in CAF research is that complexity is not unitary, but a set of partially over-
lapping constructs whose behavior varies across tasks, genres, and proficiency levels. Consequently,
relations between syntactic complexity and proficiency depend on both how proficiency is defined and
which metrics are used (Ortega, 2003). Omnibus indices such as mean unit length or global subordina-
tion ratios are convenient but linguistically coarse, often obscuring distinct developmental patterns and
ignoring the phraseological dimension of complexity, including sophisticated word combinations and
“complex linguistic gestalts” (Norris & Ortega, 2009; Bulté & Housen, 2014; Paquot, 2019).

A major shift in the literature is the claim that advanced academic writing develops increasingly
through phrasal compression, especially dense noun-phrase elaboration, rather than continued growth
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in clausal subordination. On this account, clausal measures alone underrepresent advanced writing
because syntactic sophistication is realized through informational density within clauses rather than
additional subordination. This helps explain why subordination indices plateau or decline at higher
proficiency levels, while phraseological and phrasal sophistication continue to distinguish advanced
development (Biber et al., 2011; Biber & Gray, 2016; Paquot, 2019).

This issue is especially important in computational CAF research, where automated pipelines often
default to length and subordination metrics that are easy to compute but theoretically underspecified.
Lu’s work established the feasibility of automated syntactic complexity measurement and showed that
indices differ in developmental sensitivity (Lu, 2010; Lu, 2011). Later studies suggest that fine-grained
clausal and phrasal measures can outperform traditional length or subordination indices in predicting
writing quality, although features associated with holistic quality do not necessarily track instructional
development, creating a construct—criterion mismatch for validation work (Crossley & McNamara,
2014; Kyle & Crossley, 2018; Crossley, 2020).

The present study operationalizes syntactic complexity using a parsimonious subset of L2SCA indices.
Although L2SCA provides 14 measures, not all are equally stable or discriminative across proficiency
levels (Lu, 2010; Lu, 2011; Lei et al., 2023). We prioritize theoretically complementary and empirically
supported indicators: length-based measures such as MLT and MLC as broad markers of elaboration,
and phrasal measures such as CN/C and, where appropriate, CN/T as indicators of noun-phrase density
and informational packaging (Lu, 2011; Biber et al., 2011; Biber & Gray, 2016; Barrot & Agdeppa,
2021). This treats complexity not as a single index, but as a multidimensional construct whose indica-
tors should show interpretable shared variance consistent with theory and recent factor-analytic work
(Biber et al., 2020; Lan, Li, & Zhang, 2022).

Operationalizing Accuracy

In L2 writing research, accuracy has traditionally been operationalized through manual error anal-
ysis, including error-free clause or T-unit ratios and coded error categories representing conformity
to target-language norms (Wolfe-Quintero et al., 1998; Housen et al., 2012). This foundational work
established accuracy as a relatively stable and internally coherent construct, typically defined as the
degree of conformity to target-language norms (Polio, 1997; Pallotti, 2015). As learner corpora have
expanded, automated accuracy measurement has increasingly relied on NLP and grammatical error
correction (GEC) metrics, especially similarity- and edit-based measures comparing learner texts with
corrected versions (Napoles et al., 2016; Bryant et al., 2017). This improves scalability but changes
the construct: accuracy is no longer measured directly as a property of the learner text, but as distance
from a reference correction.

This reference dependence creates a validity issue because similarity-based scores measure distance
to a correction policy rather than correctness in the abstract. Different correction systems prioritize
minimal repair, stylistic rewriting, simplification, or fluency-oriented paraphrase, yielding different
accuracy scores for the same learner text (Napoles et al., 2016; Bryant et al., 2023). This study uses a
profile of complementary indicators rather than assuming that any single metric is universally supe-
rior (Polio & Shea, 2014). GLEU measures n-gram overlap between the learner text and corrected
reference while penalizing uncorrected error-related n-grams, providing a bounded similarity measure
suitable for comparison across texts (Napoles et al., 2016). ERRANT-derived edit counts provide a
more transparent estimate of the amount of modification required to reach the reference norm (Bryant
et al., 2017). Together, these indicators capture both similarity to the minimally corrected benchmark
and the volume of required correction.
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A central risk is that GEC systems are not neutral measurement instruments. Contemporary neural and
LLM-based correctors often produce paraphrases, substitutions, or broader fluency-oriented rewrites
beyond a minimal-edit objective, causing overlap- and edit-based scores to reflect stylistic divergence
rather than grammatical error density alone (Katinskaia & Yangarber, 2024; Bryant et al., 2023; Sumner
& Dillon, 2026). Accuracy operationalization requires explicit validity justification: the key question
is whether GLEU and edit burden behave as coherent accuracy indicators and remain empirically sep-
arable from fluency within the measurement model. Testing their clustering and discriminant behavior
in CFA/SEM serves as a safeguard against construct conflation introduced by the reference problem
(Koizumi & In’nami, 2014; Kane, 2013).

Operationalizing Fluency

Writing fluency refers to the efficiency, automaticity, and naturalness of producing connected text.
Because direct process measures such as pausing behavior or keystroke logging are impractical in lon-
gitudinal online research, written fluency is often inferred from product-based indicators that approx-
imate well-formedness rather than real-time production speed (Segalowitz, 2010; Kim et al., 2018;
Latif, 2013; Plakans et al., 2019; Vercellotti, 2017).

Language-model perplexity (PPL) is one such proxy and is best interpreted as an index of distribu-
tional naturalness rather than cognitive fluency itself. PPL quantifies how “surprising” a text is to a
probabilistic language model; lower values indicate greater predictability and stronger conformity to
target-language regularities. However, raw PPL is noisy in learner corpora because it is sensitive to
factors beyond proficiency, including lexical rarity, topic, proper nouns, specialized vocabulary, punc-
tuation, and task-specific phrasing (Islam & Magnani, 2021; Yang et al., 2012; Kharkwal & Muresan,
2013; Séanchez et al., 2024; Serrano et al., 2023; Wense, Rothe, & Filippova, 2018; Liu, 2020).

To address this limitation, the present study also evaluates APerplexity: APPL = PPL_source — PPL
corrected

Because the source and minimally corrected texts share topic, lexical content, and intended meaning,
APPL functions as a within-text normalization measure. It may reduce topic- and vocabulary-related
variance while preserving sensitivity to correction-related improvements in naturalness and gram-
matical well-formedness. It also avoids dependence on external references, which are vulnerable to
low-coverage bias because the space of valid corrections cannot be fully represented by limited “gold
standard” references (Islam & Magnani, 2021; Sumner & Dillon, 2026; Wense et al., 2018; Serrano et
al., 2023; Choshen & Abend, 2018).

However, APPL is not an absolute fluency measure. Because it is derived from the source—correction
relationship, it reflects correction-normalized change and may share variance with correction-refer-
enced accuracy indicators such as GLEU or edit burden. Raw PPL and APPL are treated as competing
fluency-related operationalizations: raw PPL captures absolute distributional well-formedness, whereas
APPL captures the reduction in surprisal after minimal correction. The CFA/SEM framework tests
which indicator provides the more defensible fluency measure and whether fluency remains empir-
ically distinguishable from accuracy and complexity (Sumner & Dillon, 2026; Choshen & Abend,
2018; Kim et al., 2018; Koizumi & In’nami, 2014; Kane, 2013).

The Argument-Based Validation Frame

This study adopts an argument-based view of validity, in which validity depends not on the metric
itself but on the interpretation and use of scores within a specified evidentiary argument (Messick,
1994; Kane, 2013; AERA, APA, & NCME, 2014). For CAF measurement, the core claim is that



Validating Automated Complexity, Accuracy, and Fluency Metrics for L2 Writing Analysis 6

NLP-derived indicators can be interpreted as evidence of complexity, accuracy, and fluency rather than
as proxies for general proficiency, topic variation, or pipeline artifacts.

Internal structure provides the key evidence for this claim. Confirmatory Factor Analysis (CFA) tests
whether the observed covariance among indicators is consistent with the proposed CAF structure and
allows comparison with rival models, such as a single proficiency factor or models in which accuracy
and fluency collapse because both depend on correction outputs (Koizumi & In’nami, 2014; Kim et
al., 2018; Kline, 2023). This comparison is necessary because acceptable fit for one model does not,
by itself, establish that the proposed construct interpretation is uniquely warranted.

Such evidence is essential before longitudinal modeling. If retained indicators reflect measurement
noise, correction-policy artifacts, or undifferentiated proficiency rather than distinct CAF dimensions,
later claims about trade-offs, co-development, or nonlinear growth would be weakly supported. Estab-
lishing separable CAF dimensions in the present dataset provides the measurement basis for interpret-
ing subsequent developmental trajectories (Barkaoui, 2014; Murakami, 2016).

Synthesis, Gap, and Research Questions

The literature reviewed above shows that, although automated analysis is now feasible at scale, the inter-
pretability of automated scores depends on whether selected indicators form admissible, stable, and empir-
ically differentiated measurement structures within a given learner corpus. At the same time, GLEU and
perplexity-based metrics have been used mainly in GEC and writing-evaluation research rather than vali-
dated as components of a unified CAF measurement system, leaving unclear whether they can function as
defensible indicators of Accuracy and Fluency alongside syntactic complexity indices. The present study
uses a two-stage SEM/CFA design to evaluate candidate indicators for admissibility and redundancy and
then to test whether retained Accuracy, Fluency, and Complexity measures remain empirically differenti-
ated, including comparison of raw PPL and APPL as alternative fluency operationalizations.

This yields two research questions:

RQ1. Which candidate accuracy, fluency, and complexity metrics form admissible
measurement structures for the framework?

RQ2. To what extent are the retained Accuracy, Fluency, and Complexity measures
empirically differentiated in the full SEM, and how do raw PPL and APPL differ
as observed fluency indicators?

Methodology Overview: SEM-Based Validation Strategy

The aim of this study is methodological: to determine whether a set of automated indices can support a
defensible CAF interpretation in this dataset and, if so, to identify a measurement structure suitable for
subsequent longitudinal modeling. We used SEM as a pragmatic validation framework in two stages:
first, we screened candidate indicators for Accuracy, Fluency, and Complexity to determine which
could be retained as admissible components of the measurement system; second, we evaluated the
retained structure in a full SEM and compared alternative observed fluency indicators.

Data and Candidate Variables

Analyses were conducted on a cross-sectional sample of 1,000 texts with complete data for the candidate
CAF indicators. Accuracy was represented by corrected GLEU and an edit/error proxy (Total errors)
for screening purposes. Fluency was represented by perplexity of the original text (text ppl) and a
derived fluency index, APPL (ppl_delta=text ppl—corrected ppl). Complexity was initially examined
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using four L2SCA indices representing complementary aspects of syntactic complexity: MLT, MLC,
CN_C, and CN_T. All variables were z-standardized prior to model estimation. An anonymized extract
illustrating the structure of the analysis dataset is provided in Appendix D.

Descriptive Statistics

Descriptive screening showed that multiple indicators were non-normal, with expected strong right
skew for the perplexity measures. This distributional pattern is not unexpected for perplexity, which
is lower-bounded and tends to cluster at relatively low values while a smaller number of texts receive
disproportionately high scores. The strongest distributional irregularity was observed for text MLT,
which showed extreme positive skew and kurtosis. Based on follow-up inspection of the most extreme
cases, this pattern likely reflects instability in automated T-unit segmentation for weakly punctuated
learner texts rather than greater syntactic complexity.

Table 1 summarizes the descriptive statistics for the candidate CAF indicators across 1,000 learner
texts. The reported means, standard deviations, skewness, and kurtosis provide an overview of their
distributions before measurement-model screening.

Table 1 Descriptive statistics for candidate CAF indicators

Variable Mean SD Skew Kurtosis
GLEU 75.42 12.07 -0.64 0.49
Total_errors 15.18 8.73 0.99 1.27
text_ppl 46.76 25.21 1.99 6.04
corrected_ppl 24.67 11.09 3.04 17.63
ppl_delta 22.10 19.09 2.21 7.91
text MLT 12.82 6.28 9.03 129.16
text MLC 8.05 2.02 2.34 10.87
text CN_C 0.71 0.36 2.13 9.28
text CN_T 1.16 0.83 5.69 65.99

Note: n = 1000 for all variables. Full table available in Appendix C.

Screening Candidate Measurement Structures

Because some automated indices were expected to overlap substantially, we first evaluated whether
candidate indicators could function as stable latent structures. For Accuracy and Fluency, this involved
two-indicator latent “pair tests” estimated in isolation:

Accuracy = ~ corrected GLEU + Total_errors
Fluency = ~ text_ppl + ppl_delta

For each pair test, we examined (a) the correlation between indicators, (b) standardized loadings, and
(c) indicator residual variances. These checks were used to identify either redundancy (very small
residual variance indicating near-duplication) or inadmissibility (negative residual variance or non-
convergence).
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Complexity was examined through confirmatory models comparing a retained 3-indicator structure
(MLT, MLC, CN_C) with an expanded 4-indicator structure that additionally included CN_T. This
comparison was used to determine whether the broader candidate set improved representation of syn-
tactic complexity or instead introduced instability.

System-level Admissibility Screening

Two-indicator factors can appear acceptable in isolation but become unstable when embedded in a
broader SEM. We conducted an additional system-level screening model in which latent Fluency
(PPL + APPL) was entered alongside latent Complexity and covariances with observed Accuracy.
This served as a stress test of admissibility under the intended SEM context. If this model produced an
inadmissible solution (e.g., a Heywood case for APPL), Fluency was treated as observed in the retained
SEM structure.

Because raw PPL and APPL capture partly different aspects of fluency-related variance—absolute
well-formedness versus correction-normalized change—both were retained for comparison at the
observed-variable level if the latent Fluency specification proved inadmissible.

Retained SEM Structure and Parallel Fluency Comparison

Following the screening stage, we specified a retained admissible SEM intended to balance statistical
and theoretical adequacy. This structure treated:

Complexity as a latent factor indicated by MLT, MLC, and CN_C;
Accuracy as an observed indicator represented by corrected GLEU; and
Fluency as an observed indicator in the baseline model, represented by APPL.

Rather than imposing directional developmental hypotheses, the SEM estimated covariances among
the retained Accuracy, Fluency, and Complexity measures, consistent with the study’s cross-sectional
validation aim. Model fit was evaluated using standard global fit indices (¥?, CFI, TLI, RMSEA,
SRMR) and parameter estimates (standardized loadings, covariances, and residual variances).

To evaluate whether the fluency results were specific to the use of APPL, we also estimated a parallel
admissible SEM replacing APPL with raw PPL, as well as a diagnostic joint model including both PPL
and APPL. These supplementary models were used to compare how the two fluency indicators covar-
ied with Accuracy and Complexity. The R code used for indicator screening, Heywood-case diagnos-
tics, and estimation of the final and parallel SEMs is provided in Appendix E.

Decision Rule for Retaining Latent Versus Observed Indicators

Where a candidate latent factor produced inadmissible or unstable solutions in the broader SEM con-
text (e.g., negative indicator residual variance or nonconvergence), the construct was retained using an
observed indicator or reduced indicator set that remained both interpretable and statistically admissi-
ble. This rule was intended to ensure that the final framework was suitable for the CAF pipeline.

When multiple admissible observed indicators were available, retention was not determined solely by
global model fit. We also considered discriminant behavior with the other CAF dimensions. In par-
ticular, raw PPL and APPL were compared with respect to their covariance with observed Accuracy
(GLEU) and the latent Complexity factor in the parallel SEMs.
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Results
This section reports the results in CAF order: Complexity, Accuracy, and Fluency. The text beneath
each table explains what the reported values show in descriptive terms only, focusing on convergence,

loadings, residual variances, model fit, and covariances.

RQ1. Which Candidate Complexity, Accuracy, and Fluency Metrics Formed Admissible Measurement
Structures for the Framework?

Table 2 summarizes the screening decisions for the candidate CAF measurement structures. Detailed
evidence for each retained or excluded structure is reported in the following subsections.

Table 2 Screening summary of candidate CAF measurement structures

Model Indicators Conv. Inadm. Key evidence Retained

Complexity 3-ind. MLT, MLC, CN_C Yes No  Stable loadings; positive Yes
residuals

Complexity 4-ind. MLT, MLC,CN_C,CN_T No Yes CN_T destabilized model No

Accuracy pair GLEU, errors Yes No Near-redundant inverse pair No

Fluency pair PPL, APPL Yes No  Strong convergence in isolation No

Fluency in SEM  PPL, APPL Yes Yes Joint latent specification No
inadmissible

Complexity

Complexity was screened first. The initial 3-indicator solution and the expanded 4-indicator solution
are reported separately in Tables 2 and 3.

Table 3 Complexity screening: 3-indicator model

Indicator Std. loading Residual variance (Est.) Residual variance (Std.)
text MLT 0.391 0.847 0.847
text_MLC 0.820 0.327 0.327
text CN_C 0.900 0.190 0.190

Note: Converged = Yes. Heywood / inadmissible = No.

Table 3 shows that all three retained indicators loaded positively on the latent Complexity factor and
all residual variances remained positive. The standardized loadings indicate that MLC and CN_C
contributed the largest share of common variance, while MLT contributed additional but smaller
shared variance.

Table 4 Complexity screening: expanded 4-indicator model including CN/T

Indicator Std. loading Residual variance (Est.) Residual variance (Std.)
text MLT 0.028 0.998 0.999

text_ MLC —-0.014 0.999 1.000

text CN_C 0.025 0.998 0.999

text CN_T 24.860 —746.290 —617.028

Note: Converged = No. Heywood / inadmissible = Yes.
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Table 4 reports the attempted expansion of the Complexity factor by adding CN_T. This model did not
converge and produced inadmissible estimates, including an extreme standardized loading for CN_T
and a negative residual variance. These values indicate that the 4-indicator specification could not be
retained.

Accuracy
Accuracy was screened as a two-indicator pair consisting of corrected GLEU and Total errors. The

purpose of this step was to determine whether the two indicators behaved as a coherent accuracy-
related set and whether they contributed distinct information.

Table 5 Accuracy screening: two-indicator latent pair test

Indicator Std. loading Residual variance (Est.) Residual variance (Std.)
corrected GLEU 0.975 0.049 0.049
Total_errors -0.972 0.056 0.056

Note: Pair correlation r = —0.948. Converged = Yes. Heywood / inadmissible = No.

Table 5 shows that the two Accuracy indicators were strongly related, as reflected in the large inverse
correlation and the large standardized loadings of opposite sign. The small positive residual variances
indicate that little variance remained outside the shared accuracy-related signal, so the pair functioned
as a near-redundant measurement set at the screening stage.

Fluency

Fluency was screened in two steps. First, raw PPL and APPL were tested together as a two-indicator pair
in isolation. Second, that joint latent specification was checked again inside the broader SEM context.

Table 6 Fluency screening: two-indicator latent pair test

Indicator Std. loading Residual variance (Est.) Residual variance (Std.)
text_ppl 0.948 0.101 0.101
ppl_delta 0.961 0.076 0.076

Note: Pair correlation r = 0.911. Converged = Yes. Heywood / inadmissible = No.

Table 6 shows that raw PPL and APPL converged strongly in the pair test. Both indicators had high
standardized loadings and both residual variances remained positive, indicating that the pair behaved
acceptably when estimated in isolation.

Table 7 System-level fluency screening: residual variances in latent-Fluency SEM

Indicator Residual variance (Est.)
text_ppl 0.313
ppl_delta —-0.208

Note: Converged = Yes. Heywood / inadmissible = Yes. A negative residual variance indicates a Heywood case.



11 Language Education & Assessment, 9

Table 7 reports the same Fluency indicators after they were placed inside the broader SEM. In this set-
ting, the joint latent Fluency specification became inadmissible because one residual variance became
negative. This result indicates the two indicators could not be retained together as a stable latent Flu-
ency factor in the full model, so they were carried forward as alternative observed specifications under
RQ2.

RQ2. To What Extent were the Retained Complexity, Accuracy, and Fluency Measures
Empirically Differentiated in the Full SEM, and How did Raw PPL and APPL Differ as
Observed Fluency Indicators?

After the screening stage, the retained SEM structure kept Complexity as a latent factor, used corrected
GLEU as the observed Accuracy indicator, and compared two observed Fluency specifications: a
baseline model using APPL and a parallel model using raw PPL. The tables below report model fit and
the covariances among the retained measures.

Table 8 Comparison of admissible full-SEM models using APPL and PPL as observed Fluency

indicators
Model CFI TLI RMSEA SRMR Complexity ~~ GLEU ~~ Fluency
Fluency (Std.) (Std.)
APPL observed 0.999 0.997 0.022 0.016 0.140 —0.699
PPL observed 0.997 0.992 0.034 0.019 0.339 —0.531

Table 8 compares the two admissible SEMs. Both models showed good global fit. The table also
gives the standardized covariances most relevant to the fluency comparison: the association between
Complexity and the Fluency indicator, and the association between GLEU and the Fluency indicator.

Table 9 Baseline final SEM covariances (Accuracy = GLEU, Fluency = APPL)

Covariance Estimate SE z p Std.

Complexity ~~ ppl_delta 0.140 0.034 4.141 <.001 0.140
Complexity ~~ corrected_ GLEU 0.052 0.034 1.545 122 0.052
ppl_delta ~~ corrected_GLEU —-0.698 0.039 -18.111 <.001 —-0.699

Table 9 reports the covariances for the baseline final SEM using APPL. The standardized covariance
column shows that Complexity had only a small positive association with APPL and a very small,
non-significant association with GLEU, whereas APPL and GLEU were strongly negatively related in
this specification.

Table 10 Parallel SEM covariances (Accuracy = GLEU, Fluency = PPL)

Covariance Estimate SE z ¢] Std.
Complexity ~~ text_ppl 0.339 0.033 10.279 <.001 0.339
Complexity ~~ corrected_GLEU 0.054 0.034 1.585 113 0.054

text_ppl ~~ corrected GLEU —-0.530 0.036 -14.823 <.001 —-0.531
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Table 10 reports the same covariance structure after APPL was replaced with raw PPL. In this parallel
model, the standardized covariance between Fluency and GLEU remained negative but was smaller
in magnitude than in the APPL model, while the standardized covariance between Fluency and Com-
plexity was larger.

Taken together, the RQ2 tables show that the retained CAF measures did not collapse into a single
undifferentiated pattern. They also show that changing the observed Fluency specification changed the
size of the covariances involving Fluency, while the Complexity—Accuracy relation remained small in
both admissible models.

Discussion

From a CAF perspective, interrelationships among dimensions are expected rather than problematic.
Limited-capacity and trade-off accounts propose that learners allocate finite attentional resources
across competing performance demands, producing negative or complex associations among com-
plexity, accuracy, and fluency depending on task conditions and proficiency (e.g., Skehan, 1998). By
contrast, cognition-oriented accounts predict that under some conditions dimensions co-develop rather
than trade off, particularly when tasks or instructional support promote simultaneous engagement with
form and meaning (e.g., Robinson, 2011). The present results are best interpreted within that tradition:
the aim is not to force orthogonality among CAF dimensions, but to identify an admissible automated
measurement structure that can support later longitudinal modeling.

This issue is especially relevant for CALL because automated feedback systems and learner analytics
increasingly transform learner writing into computational indicators that may inform instruction, prog-
ress monitoring, and research decisions. Without validation, such indicators risk becoming technically
convenient but pedagogically under-specified measures.

The first task of the study was measurement selection: to determine which indicators could be retained
in the framework without redundancy, over-parameterization, or inadmissible solutions. The second
task was structural interpretation: to determine whether the retained measures behaved as empirically
differentiated CAF dimensions in the full SEM, and what the comparison between raw PPL and APPL
implies for the next longitudinal phase.

RQ1: Which Candidate Complexity, Accuracy, and Fluency Metrics Formed Admissible
Measurement Structures for the Framework?

For Accuracy, corrected GLEU and Total errors showed strong convergence, indicating that both
metrics are capturing the same underlying correction-distance signal. Texts that are closer to their min-
imally corrected versions receive higher GLEU scores and, correspondingly, require fewer edits. This
pattern provides useful convergent evidence, but it also indicates substantial redundancy. This does not
mean that either metric is invalid; modeling both together added little unique information.

Within that pair, GLEU is the stronger candidate for retention in the final model for methodological
reasons. Unlike Total errors, which is a raw integer count and partly dependent on essay length and
the granularity of individual edit operations, GLEU is easier to compare across texts and to interpret
directionally: higher values reflect the extent of overlap between the original and corrected text. Total
errors remains useful as corroborating screening evidence, but GLEU is better suited as the accuracy
index retained in the SEM.

This clarifies claims about accuracy. The present study does not argue that GLEU is a gold-standard
measure of absolute correctness in the abstract. Rather, it shows that within this automated pipeline
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GLEU behaves coherently with an error-burden proxy and can function as a defensible observed indi-
cator of correction-referenced accuracy. Because the corrected benchmark is generated by a previously
validated minimal-edit model, the resulting score is interpretable as distance to a pedagogically aligned
correction policy rather than as an unqualified statement of linguistic correctness. For the purposes of
large-scale automation, that is a sufficient measurement claim.

At the screening level for Fluency, raw PPL and APPL clearly converged: they shared a strong associ-
ation and behaved as related fluency-oriented indicators. When both were brought together as a latent
Fluency factor inside the broader SEM, the joint specification was inadmissible. Similarly to Accuracy
metrics, there is no gain in forcing both indicators into the same latent fluency measurement model
within the full CAF system.

This distinction matters because the parallel SEM comparison suggests that both PPL and APPL remain
analytically informative. APPL has a conceptual appeal in this project because it normalizes within
text, reducing topic and content noise by comparing the original essay against its own corrected coun-
terpart. At the same time, that normalization also makes it more tightly bound to the correction pipe-
line and more liable to overlap with the correction-referenced Accuracy measure. Raw PPL behaves
differently: it is less directly anchored to the source-correction comparison, but also absorbs broader
variance associated with distributional well-formedness, lexical profile, and general language devel-
opment. The implication is not that one metric should be discarded at the screening stage. Rather, the
choice between them affects how Fluency relates to the rest of the CAF system, so both are examined
in the parallel SEMs.

For Complexity, the retained three-indicator solution proved stable and theoretically coherent. The
selected measures captured complementary aspects of syntactic elaboration without producing the
identification problems that emerged in the expanded solution. This supports a parsimonious approach
to automated syntactic complexity: the aim is not to include every available L2ZSCA measure, but to
retain a subset that preserves interpretability while avoiding multicollinearity and construct dilution.
In this dataset, the retained indicators supported a latent Complexity factor and justified carrying it
forward as the only latent component in the final CAF specification. This factor is a restricted oper-
ationalization of syntactic complexity: its cross-sectional coherence does not establish sensitivity to
developmental change, and it may obscure change in individual indicators or other syntactic dimen-
sions.

RQ2: To What Extent were the Retained Complexity, Accuracy, and Fluency Measures
Empirically Differentiated in the Full SEM, and How did Raw PPL and APPL Differ as Observed
Fluency Indicators?

The full SEM results indicate that the retained CAF dimensions were neither fully independent nor col-
lapsed into a single undifferentiated proficiency construct. Complexity remained only weakly related
to Accuracy, which supports its interpretation as a distinct dimension of learner production rather than
a by-product of correction-based well-formedness. This is important because it shows that the selected
L2SCA indicators are contributing information that is not reducible to the same signal captured by the
correction-derived measures.

The more difficult interpretive issue concerns Fluency. In the baseline admissible model using APPL,
the covariance between Fluency and Accuracy was very strong, which is theoretically understand-
able because both measures are anchored to the same source-to-correction relationship. Essays that
are already close to their minimally corrected versions tend to receive higher GLEU scores and also
show smaller perplexity reductions after correction. Essays that require more repair show the oppo-
site pattern. This strong coupling should not be treated as evidence that CAF has collapsed. Instead,
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it suggests that APPL captures a specific correction-referenced aspect of fluency: the degree to which
model-based well-formedness improves under minimal repair.

The parallel model with raw PPL suggests a different trade-off. Relative to APPL, raw PPL appears
less tightly bound to the correction pipeline and less dominated by the same repairability signal that
drives GLEU. At the same time, it shows a stronger positive relationship with Complexity, implying
that it captures a broader distributional profile of learner writing that overlaps more with structural
elaboration or overall language development. This does not make raw PPL preferable, any more than
APPL’s tighter normalization makes it superior. The choice of fluency indicator changes the pattern of
construct separation, and that change is meaningful.

The framework is viable, but the fluency dimension remains sensitive to operationalization. APPL is
a reasonable baseline for the validation study because it fits the original design logic and performed
well in the admissible final model, yet the parallel PPL model shows that alternative operationaliza-
tions produce meaningfully different structural relations. The longitudinal study should compare raw
PPL and APPL rather than assume in advance that within-text normalization is universally the better
solution.

Taken together, the findings support a practical CAF framework: Complexity can be modeled as a
stable latent construct; Accuracy can be represented by GLEU; and Fluency can be modeled with
either PPL or APPL as an observed index. This cross-sectional validation step does not settle every
theoretical question, but it does establish an admissible measurement foundation for the forthcoming
longitudinal analysis of learner development at scale.

Limitations

Several limitations define the scope of the present validity argument. First, GLEU and APPL depend on
a single correction system and its embedded minimal-edit policy. Although the correction model and
generation procedure are documented and were evaluated in our previous GEC study, these measures
remain conditional on that policy and may behave differently under alternative correction systems.
Because both measures use the corrected text, their relationship cannot be interpreted as wholly inde-
pendent evidence of distinct constructs.

Second, the validation is cross-sectional. The results provide evidence concerning the internal struc-
ture of the selected measures, but do not establish whether those measures capture theoretically inter-
pretable within-learner development or remain stable across stages of learning.

Third, the sample was drawn from a single L1 population of Korean EFL learners in one online writing
environment. Under an argument-based view of validity, this defines the domain for which the present
interpretation is supported rather than establishing a universal measurement model. Although the corpus
includes heterogeneous self-selected topics and writing purposes, applying the measurement specifica-
tion to other genres, tasks, proficiency distributions, or L1 populations would require further validation.

Finally, the retained Complexity factor represents shared variance among selected L2SCA syntactic
indices, not the full range of writing complexity. It does not encompass lexical, discourse, or rhetori-
cal complexity, and a coherent factor does not imply that its constituent indices will follow identical
developmental trajectories. Likewise, PPL and APPL are product-based distributional measures. They
do not capture process dimensions of written fluency such as production speed, pausing, or revision
behaviour. These boundaries cannot be removed by the present statistical analysis and should be con-
sidered when interpreting and applying the retained measures.
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Future Work

The retained measurement specification will be applied to the full longitudinal corpus to examine
whether the cross-sectional findings support interpretable within-learner trajectories. The analysis will
compare source PPL and APPL as alternative product-based fluency indicators, assessing whether they
yield similar developmental patterns and whether APPL’s reliance on a corrected counterpart affects
its relationship with Accuracy.

The longitudinal analysis will also examine the latent Complexity factor alongside its constituent
indices. If the factor provides a limited summary of change, the analysis will extend to the broader
set of L2SCA indices to identify which dimensions of syntactic complexity develop and whether
their trajectories diverge. This comparison will test whether the latent factor retained from the cross-
sectional validation is sufficiently sensitive to within-learner change to serve as a measure of syntactic
complexity in longitudinal analysis.

Further research should test the robustness of these interpretations across learner populations, corpora,
correction systems, genres, and tasks. Combining process-tracing methods with completed-text mea-
sures could also clarify how product-based indicators relate to writing speed, pausing, and revision
behaviour.

Conclusion

This study validated an automated CAF measurement framework designed for scalable analysis of L2
writing. Using argument-based validation logic and CFA/SEM internal-structure evidence, we showed
that (i) GLEU and edit/error burden provide strongly convergent—and largely redundant—accuracy
information, supporting the use of a single observed accuracy index; (ii) raw PPL and APPL converge
at the indicator level but do not support a stable two-indicator latent Fluency factor in the full SEM,
indicating that fluency remains sensitive to operationalization; and (ii1) selected L2SCA indices form
a stable latent Complexity construct. The resulting admissible specification provides the foundation
for longitudinal modeling of CAF development at scale and for broader applications in computer-
assisted feedback, learner analytics, and progress monitoring across instructional contexts, while
making explicit the methodological constraints introduced by reference-based and model-based
computational proxies.
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Please see the appendices at: https://github.com/Professor77/CAF-Validity/blob/main/Appendix
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