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Abstract

Research on large language models has increasingly examined their capacity to produce academi-
cally acceptable texts, yet the structural properties of AI-generated academic writing remain underex-
plored, particularly in Spanish. This study examines whether three proprietary large language models, 
ChatGPT, Gemini, and Claude, generate distinguishable syntactic configurations in academic Spanish 
and whether these configurations provide interpretable evidence for language assessment contexts. 
Using a controlled intra-task design, a corpus of 90 texts was generated under identical prompts, 
the same source text and task instructions as supporting material, and standardized production con-
ditions. The design did not include a human-written baseline corpus; therefore, the study addresses 
inter-model syntactic variation rather than human-AI differentiation. Syntactic structure was opera-
tionalized through the Universal Dependencies framework and extracted automatically with Stanza. 
Normalized frequencies of coordination and subordination relations, together with mean sentence 
length as a structural control variable, were analyzed through Welch’s ANOVA, MANOVA,  
PERMANOVA, principal component analysis, linear discriminant analysis, and Mahalanobis dis-
tances with bootstrap confidence intervals. Results showed significant differences across all syntactic 
variables, with the strongest effects concentrated in coordination and more moderate differences 
in subordinate constructions. Multivariate analyses confirmed robust structural separation across mod-
els, and linear discriminant analysis achieved 91.1% classification accuracy. These findings indicate  
that the models generate academic Spanish through differentiated syntactic configurations. For lan-
guage assessment, the results suggest that dependency-based syntactic profiling can support the 
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interpretation of AI-assisted academic writing, inform rubric refinement for academic Spanish, and 
provide transparent features for automated writing evaluation and model-attribution procedures 
under controlled conditions.

Keywords: AI-generated writing, language assessment, academic writing assessment, automated writ-
ing evaluation, Spanish syntax, large language models, syntactic profiling

Introduction

The rapid diffusion of large language models (LLMs) in educational environments has intensified 
research on their capacity to generate academically acceptable written discourse. In higher education 
contexts, these systems increasingly produce extended argumentative texts that resemble the rhetori-
cal and stylistic conventions expected in university writing. As a result, much of the existing research 
has focused on evaluating global performance indicators of AI-generated texts, including task accu-
racy, coherence, and reliability, often in relation to established frameworks used in writing assessment 
(Chang et al., 2024; de Wynter et al., 2023). While this line of work provides important insights into 
the pedagogical potential of LLMs, it largely emphasizes outcome-oriented measures of textual quality 
and devotes comparatively less attention to the structural linguistic properties through which model- 
generated discourse is constructed.

At the same time, emerging studies suggest that AI-generated texts may exhibit identifiable linguistic 
regularities when compared with human-authored writing. Rather than producing stylistically homo-
geneous outputs, LLMs appear to generate recurring structural patterns that can function as computa-
tionally detectable “fingerprints.” This observation is methodologically relevant because it indicates 
that AI-generated writing can be analyzed through measurable linguistic features rather than relying 
exclusively on qualitative evaluations of fluency or coherence (Mizumoto et al., 2024). In this respect, 
syntactic organization represents a particularly informative analytical dimension, as the distribution of 
coordination and subordination structures plays a central role in the organization of complex academic 
discourse.

Despite these advances, systematic structural analyses of AI-generated academic writing remain lim-
ited, particularly for languages other than English. In Spanish-language educational contexts, existing 
research has mainly examined issues related to textual adequacy, complexity, or pedagogical usabil-
ity, while more detailed structural analyses of model-generated discourse remain scarce (Clementi 
& Jiménez-López, 2025). This limitation is especially relevant in higher education, where analytical 
and argumentative writing constitutes a core component of academic assessment. Understanding how 
LLMs structurally realize this type of discourse is therefore necessary for evaluating their implications 
for writing assessment, academic integrity, and AI-supported learning environments.

To address this gap, the present study investigates the generation of academic Spanish by three widely 
used large language models (ChatGPT, Gemini, and Claude) from an assessment-oriented perspective. 
Syntactic structure is operationalized through the Universal Dependencies framework, which pro-
vides cross-linguistically consistent representations of grammatical relations central to coordination 
and subordination (de Marneffe et al., 2021). By combining dependency-based syntactic metrics with  
multivariate statistical analysis, the study examines whether AI-generated academic texts exhibit  
model-specific structural configurations that may affect how writing evidence is interpreted in educa-
tional and language assessment contexts.
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The study is guided by the following research questions: (1) Are there statistically significant differ-
ences in the distribution of syntactic structures, particularly coordination and subordination, across the 
analyzed models? (2) Do these differences configure statistically robust multivariate syntactic profiles? 
(3) Is it possible to automatically discriminate the generating model from its syntactic profile? And 
(4) Does geometric separation between multivariate centroids confirm the existence of differentiated 
structural signatures in AI-generated academic Spanish?

By addressing these questions, the study contributes to language education and assessment by linking 
interpretable syntactic evidence with the evaluation of AI-assisted academic writing in Spanish. Its 
contribution is not to propose a universal detector of AI-generated text, but to examine whether mod-
el-specific structural tendencies may constitute relevant evidence when assessors interpret academic 
writing, revise rubrics, or design automated writing evaluation systems.

Assessing AI-Generated Academic Writing: Structural Perspectives

Assessing AI-generated academic writing has evolved from a peripheral issue in technology-enhanced 
learning into a problem of construct validity in writing assessment. Contemporary large language mod-
els (LLMs) can produce extended, register-appropriate prose that meets many surface expectations of 
university writing, raising questions about how writing quality should be evaluated when texts may 
be partially or fully generated by AI systems. From an assessment perspective, the central concern 
is no longer whether LLMs can produce plausible academic texts, but whether such outputs can be 
evaluated within principled scoring frameworks, whether human and automated judgments converge, 
and whether model-specific linguistic patterns introduce construct-irrelevant variance or new sources 
of bias in writing evaluation (Dwivedi et al., 2023; Zhong et al., 2024; Vázquez-Cano et al., 2023; 
Weber-Wulff et al., 2023).

One important development in this literature has been the use of established assessment frameworks 
to benchmark AI-generated writing. Zhong et al. (2024), for example, evaluate multiple LLM fam-
ilies using the GRE Analytical Writing framework, combining trained human ratings with the ETS 
e-rater system to compare model outputs under controlled conditions. Their results illustrate that  
LLM-generated texts can achieve high scores when evaluated against standardized constructs such as 
critical reasoning and argumentative coherence, while also highlighting challenges for AI detection, 
as detectability varies depending on whether detection systems are trained within or across models 
(Zhong et al., 2024; Yan et al., 2023).

A related line of research examines whether LLMs can function as evaluators of writing through 
automated scoring or rubric-based feedback. Classroom-oriented studies suggest that AI systems can 
classify or assess student texts with non-trivial accuracy, although human raters often remain more 
reliable when evaluation depends on nuanced discourse interpretation (Atasoy & Moslemi Nezhad 
Arani, 2025). Recent studies point in the same direction: AI-powered evaluation can approximate 
human assessment under controlled conditions (Es-sarghini & Boumahdi, 2026), and AI-generated 
feedback can support gains in IELTS writing while still requiring teacher mediation (Jitpaisarnwattana, 
2026). This research is particularly relevant in multilingual educational contexts, where rhetorical 
conventions and syntactic realizations may influence how writing quality is interpreted and assessed 
(Atasoy & Moslemi Nezhad Arani, 2025; Graham & Rijlaarsdam, 2016).

Another strand of research focuses on the quality of AI-generated feedback as an assessment out-
put. Studies show that even when feedback is generated using detailed rubric-aligned prompts, it  
may remain generic and insufficiently grounded in specific textual evidence, suggesting that rubric 
alignment alone does not guarantee valid assessment practices (Lo et al., 2026; Steiss et al., 2024). 
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These findings reinforce the need to examine not only the quality of AI-generated texts but also the 
evaluative processes through which they are interpreted.

In parallel, several studies have identified measurable linguistic differences between AI-generated and 
human-authored writing. Machine learning approaches can distinguish between the two with high 
accuracy using features such as paragraph complexity, sentence-length diversity, punctuation patterns, 
and lexical distributions (Desaire et al., 2023). Similarly, analyses of educational discourse show that 
AI-generated texts may exhibit distinctive patterns of repetition, phrase structure, or sentence organ-
ization that vary across models (Durak et al., 2025). These results suggest that AI-generated writing 
may contain identifiable structural signatures that affect both detectability and the interpretation of 
writing evidence (Desaire et al., 2023; Durak et al., 2025; Zhong et al., 2024).

Taken together, this literature indicates that research on AI-generated academic writing must address 
three complementary assessment targets: the quality of AI-produced texts, the reliability of AI- 
generated evaluative outputs such as scores and feedback, and the validity of detection or attribution 
mechanisms used in academic-integrity frameworks (Walters, 2023; Weber-Wulff et al., 2023; Zhong 
et al., 2024; Lo et al., 2026; Steiss et al., 2024; Vázquez-Cano et al., 2021). Research in L2 writing 
assessment also shows that automated textual features can contribute to writing-quality modelling 
and task classification, provided that such features are interpreted in relation to task demands and 
human scoring evidence (Tywoniw & Crossley, 2019). For multilingual academic writing in particular, 
these challenges highlight the need for analytically transparent approaches capable of linking linguis-
tic structure with computational evidence. In this context, examining the syntactic organization of 
AI-generated discourse offers a promising avenue for understanding whether different models produce 
identifiable structural patterns in academic writing.

Syntax matters for assessment because it offers observable evidence about how academic writing is 
organized. In writing assessment, syntactic organization helps represent the construct of academic 
discourse because it shows how writers link clauses, package information, and control rhetorical pro-
gression. If AI-generated texts show stable model-specific patterns, those patterns may influence how 
assessors interpret writing samples, support academic-integrity decisions, and select transparent fea-
tures for automated essay scoring (AES) or automated writing evaluation (AWE) systems. This does 
not convert syntactic profiling into a stand-alone judgment of authorship or quality; rather, it positions 
it as one component of a broader validity argument.

Syntactic Structure as an Indicator of Academic Writing Quality in Spanish

Research on writing development and assessment has consistently treated syntactic structure as an 
important dimension of written performance. However, this literature does not assume that more syn-
tactic complexity automatically means better writing. Syntactic complexity must instead be interpreted 
in relation to the theoretical framework, the unit of analysis, the discourse genre, and the communi-
cative demands of the writing task (Crespo Allende et al., 2011; Beers & Nagy, 2009). From this per-
spective, syntax is not a superficial feature of written discourse. It is an observable domain in which 
researchers can examine how academic writing organizes information, establishes interclausal rela-
tions, and manages textual density.

This perspective is especially relevant for academic writing in Spanish. Bustos Gisbert (2018) argues 
that analyses of written syntax should move beyond lists of sentence types and examine how writers 
use syntactic resources in discourse. The relevant issue, therefore, is not merely whether a text contains 
subordinate or coordinated structures, but how those structures help organize written academic dis-
course. For the present study, this distinction is essential: the aim is not to count isolated grammatical 
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forms, but to determine whether different language models show differentiated structural tendencies in 
academic Spanish.

Within the Spanish-language tradition, research on syntactic complexity has moved beyond purely 
quantitative approaches toward more differentiated models of analysis. Crespo Allende et al. (2011) 
identify traditionalist, generativist, and functional-discursive perspectives, showing that the mean-
ing of syntactic complexity changes depending on whether the analyst prioritizes length, embedding, 
transformation, or discourse organization. This observation is methodologically important for the  
present study because it cautions against treating coordination, subordination, and related dependency 
relations as interchangeable indicators of a single construct. Instead, these relations should be under-
stood as distinct structural resources that may reveal different ways of organizing academic prose.

Research on university writing in Spanish supports this view. Muse and Delicia (2013), in a study of 
expository-argumentative texts written by university students, show that syntactic complexity is asso-
ciated with grammatical competence, but that the most informative indicators are those linked to inter-
clausal integration, particularly clauses per T-unit and embedding intensity. Their findings suggest that 
recursive and subordinate organization may be especially relevant for characterizing academic writing 
development. At the same time, Beers and Nagy (2009) demonstrate that the relationship between 
syntactic complexity and writing quality is both genre-dependent and measure-dependent. In their 
study, some measures were positively associated with writing quality in essays, while others were not. 
This reinforces a central caution for the present article: higher frequencies of coordination or subor-
dination in AI-generated academic Spanish should not be interpreted as inherently better or worse, 
but as structurally meaningful only in relation to the discourse demands of academic exposition and 
argumentation.

A functional-discursive perspective refines this argument further by shifting attention from sentence- 
level counts to clause combining in discourse. Katzenberger (2004) conceptualizes clause packages  
as minimal discourse units delimited by syntactic, thematic, and discursive criteria, while Nir and  
Berman (2010) and Berman and Nir-Sagiv (2009) treat complex syntax as the organization of inter-
clausal relations in discourse, distinguishing alternative architectures of clause linkage. For the pur-
poses of the present study, the main value of this tradition lies in its insistence that coordination and 
subordination should not be reduced to formal counts alone. They are alternative strategies for struc-
turing information, managing dependency, and advancing rhetorical progression in text (Katzenberger, 
2004; Nir & Berman, 2010; Berman & Nir-Sagiv, 2009).

From this perspective, coordination and subordination become theoretically interpretable as differ-
ent modes of discourse construction. Paratactic relations can support additive progression or looser 
sequencing of propositions, whereas hypotactic and embedding structures may contribute to speci-
fication, qualification, and conceptual hierarchy. In academic Spanish, where explanatory precision 
and argumentative development are central, these structural options are consequential rather than  
stylistically neutral. Bustos Gisbert (2018) is particularly relevant here because his account of written 
discourse syntax emphasizes that the analysis of Spanish writing must address how syntactic relations 
operate in actual texts, not only which constructions are available in the grammar. This is closely 
aligned with the present study, which seeks to identify model-specific structural profiles in academic 
discourse rather than isolated instances of grammatical complexity.

Taken together, this literature supports a precise claim: syntactic structure is an observable component 
of academic writing quality because it shows how writers link clauses, integrate discourse, and man-
age information density under genre-specific constraints (Beers & Nagy, 2009; Muse & Delicia, 2013; 
Crespo Allende et al., 2011). Syntax alone does not determine writing quality, which also depends on 
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argumentation, coherence, lexical precision, and disciplinary adequacy. It does, however, provide a 
theoretically grounded basis for analyzing how academic discourse is organized.

This framework connects directly with the study’s research questions. It supports treating coordination 
and subordination as meaningful dimensions of academic discourse, interpreting syntax as a multivar-
iate profile rather than as a single scalar index, and using structural separation across models as evi-
dence of differentiated discourse organization. In this sense, the study contributes not only to research 
on AI-generated writing, but also to a broader line of inquiry in which syntactic variation is examined 
as evidence of how academic writing in Spanish is organized.

Computational Profiling of AI-generated Academic Writing in Spanish

The computational analysis of AI-generated writing must be understood within the broader develop-
ment of contemporary natural language processing. In current large language models, text genera-
tion operates through probabilistic prediction based on large-scale training data rather than through 
explicit, human-readable grammatical rules (Moreno Sandoval, 2024). As a consequence, the inter-
nal mechanisms that produce model outputs are not directly interpretable. For writing research, this 
implies that analysis must rely on observable linguistic traces that can be systematically extracted and 
compared across texts. Parser-based pipelines therefore provide an important methodological bridge, 
enabling researchers to move from impressionistic observations about “AI style” toward reproducible 
measurements of syntactic structure.

In the case of Spanish, however, computational analysis cannot be treated simply as a transfer of 
methods developed for English. Recent work highlights structural asymmetries in the development 
of language technologies for Spanish, including uneven data availability, unequal representation of 
linguistic varieties, and dependence on infrastructures largely shaped by English-language resources. 
Muñoz-Basols et al. (2024) conceptualize this situation as Digital Linguistic Bias, arguing that lan-
guage models may reproduce both interlinguistic asymmetries, due to the predominance of English in 
training architectures, and intralinguistic asymmetries related to the uneven representation of Spanish 
varieties. These dynamics imply that AI-generated Spanish should not be interpreted as a homogene-
ous linguistic output, but rather as the product of specific training distributions and representational 
priorities.

Empirical evidence supports this concern. Kawasaki (2026), in a large-scale analysis of lexical varia-
tion across Spanish-speaking countries, shows that language models vary in their ability to represent 
regional varieties and that such variation cannot be explained solely by differences in data volume. 
These findings suggest that linguistic regularities observed in model outputs should be interpreted 
cautiously, not as neutral reflections of a unified language system but as model-dependent realizations 
shaped by the data and architectures underlying each system. For studies of AI-generated academic 
writing, this reinforces the need to examine structural patterns rather than relying exclusively on gen-
eral impressions of fluency.

From a computational-linguistic perspective, the analysis of such patterns is well established. Dunn 
(2019) demonstrates that multivariate models of syntactic variation can provide robust representations 
of linguistic differences by modeling structural feature spaces rather than relying solely on lexical 
information. Importantly, this approach allows classification methods not only to attribute texts to 
categories but also to characterize the structural similarity and separation between groups. Although 
Dunn’s work addresses linguistic varieties rather than language models, the methodological logic is 
directly transferable: if a structural feature space captures systematic variation, multivariate model-
ing can reveal whether different generating systems occupy differentiated regions within that space.  
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This perspective aligns with the multivariate procedures used in the present study, including dimen-
sionality reduction and discriminant analysis.

At the same time, research on AI-generated text detection indicates that purely forensic approaches 
provide an incomplete picture. Detection systems are highly sensitive to domain, model family, 
prompting conditions, and post-editing, and their performance often varies across contexts (Han et al., 
2025; Weber-Wulff et al., 2023). Additional work confirms that machine-generated texts can often be 
distinguished from human writing but also shows that detection reliability differs across models and 
genres (Chaka, 2023; Cingillioglu, 2023; Corizzo & Leal-Arenas, 2023). Educational studies similarly 
report measurable linguistic differences between AI-generated and human-generated discourse while 
emphasizing that such differences vary by model and cannot be reduced to a single universal signal 
(Durak et al., 2025). Together, these findings suggest that computational analysis should move beyond 
the binary question of whether a text is AI-generated and instead examine whether different systems 
produce identifiable structural profiles.

This shift from detection to profiling is particularly relevant for Spanish, where dedicated datasets 
for synthetic text research remain limited. García-Campos et al. (2026) highlight this limitation and 
propose controlled generation pipelines that ensure traceability between prompts, generation settings, 
and textual outputs. Such methodological control is essential because structural differences between 
models can only be interpreted reliably when prompts, generation conditions, and preprocessing deci-
sions are standardized.

Within this framework, the use of dependency-based syntactic analysis provides a linguistically 
interpretable approach to computational profiling. The Universal Dependencies framework offers a 
cross-linguistically consistent representation of grammatical relations, allowing clause linkage and 
coordination structures to be operationalized through clearly defined dependency relations. Relations 
such as cc, conj, ccomp, xcomp, advcl, and acl:relcl therefore provide measurable indicators of how 
propositions are linked and structured in discourse. Because these relations can be normalized, aggre-
gated, and analyzed in multivariate space, they allow the structural tendencies of different models to 
be examined systematically.

From this perspective, computational analysis is not merely a technical procedure applied after textual 
generation. Rather, it constitutes the methodological mechanism through which syntactic structure, 
previously established as a relevant dimension of academic writing, can be empirically modeled in 
AI-generated discourse. By combining dependency-based metrics with multivariate statistical analy-
sis, the present study seeks to determine whether ChatGPT, Gemini, and Claude exhibit differentiated 
structural profiles in academic Spanish and whether these profiles can be statistically identified and 
geometrically separated within a shared syntactic space.

Method

A comparative intra-task design was implemented to identify differentiated syntactic profiles in  
Spanish academic writing generated by large language models. The experiment followed a controlled 
text generation approach in which prompts, supporting materials, and production conditions were 
standardized to ensure that observed variation could be attributed to the generating model rather than 
to differences in input, editing, or conversational context. From a language assessment perspective, 
this design allows syntactic variation to be examined as controlled textual evidence rather than as an 
artefact of task drift or unequal input. Such control is recommended in experimental studies of LLM- 
generated texts to ensure the interpretability of linguistic differences across systems (Chang et  al., 
2024; de Wynter et al., 2023).
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The following experimental conditions were established. First, an identical prompt was used across 
the 90 generations, including explicit instructions regarding academic register, integration of cited 
authors, and the exclusion of meta-commentary. Second, the same supporting material was supplied to 
each model: a common source text containing the academic content to be integrated in the response, 
the same bibliographic-author references, and the same task instructions. Third, each generation was 
produced in an independent session, ensuring that no conversational history influenced subsequent 
outputs. Fourth, default system parameters were maintained for each model without manual adjust-
ment of generation settings such as temperature or top-p. Fifth, all texts were generated using the 
publicly available versions of the models during the data collection period in February 2026. Finally, 
no human intervention was applied after generation, and the texts were analyzed in their original form 
without editing or rewriting.

For temporal reproducibility, the models are identified by their public-facing system names and the 
data collection period: ChatGPT, Gemini, and Claude, accessed through their publicly available inter-
faces in February 2026. Because public interfaces do not always expose stable backend identifiers or 
generation parameters to end users, the exact internal model identifiers could not be independently 
verified from the stored outputs. Accordingly, the findings should be interpreted as temporally situated 
evidence for the public versions available at the time of generation rather than as claims about all later 
releases of these systems.

These controls minimized common confounding factors in studies of LLM outputs, such as contextual 
carryover across turns or prompt drift, thereby enabling a reliable comparison of syntactic configura-
tions across models.

Corpus and Unit of Analysis

The corpus consisted of N = 90 texts, with 30 generated by each of the three models analyzed:  
ChatGPT, Gemini, and Claude. The unit of analysis was the complete text produced in each generation, 
such that one model response corresponded to one observation. Each output was assigned a unique 
identifier (model_interaction_01–30) to preserve traceability across models and generation instances.

All responses were stored in TXT format without post-processing modifications, preserving the orig-
inal segmentation of the generated outputs. This procedure ensured consistency during preprocessing 
and facilitated direct integration with the computational analysis pipeline.

To enable cross-model comparability, syntactic metrics were normalized by text length, using rates 
calculated per 1,000 tokens for dependency relations. Normalization controlled for variation in token 
counts across generated texts and allowed more reliable comparison of grammatical distributions 
between models.

The corpus was deliberately restricted to AI-generated texts. Consequently, the inferential target is 
inter-model variance among LLM outputs, not the detection of AI writing against human-produced 
Spanish academic texts. This boundary was maintained to avoid conflating model attribution with 
human-AI discrimination and to keep the validity argument aligned with the controlled comparative 
design.

Annotation Framework, Extraction Procedure, and Validation

The structural characterization of the corpus followed the Universal Dependencies (UD) framework, 
a typologically consistent scheme for syntactic dependency annotation widely used in computational 



9� Language Education & Assessment, 9

linguistics and multilingual comparative research (de Marneffe et al., 2021). UD provides standard-
ized labels for grammatical relations, allowing coordination and subordination to be operationalized 
through comparable dependency structures across languages.

All preprocessing and extraction procedures were implemented in Python 3.14 using the Stanza  
natural language processing library (Qi et al., 2020). Stanza provides neural models trained on UD 
treebanks for tokenization, sentence segmentation, part-of-speech tagging, and dependency parsing. 
The official Spanish UD-compatible model distributed with Stanza was used with default parameters 
to ensure homogeneous processing conditions across all generated texts.

The computational pipeline consisted of four steps. First, each generated text stored in TXT format 
was automatically loaded. Second, the Stanza pipeline segmented the texts into sentences and tokens 
and produced dependency parses. Third, the selected dependency relations were extracted program-
matically from the parsed output. Fourth, their frequencies were computed for each text and exported 
to a structured dataset in CSV format, where each row represented a text and each column a syntactic 
variable. All procedures were implemented in a single reproducible Python script, ensuring traceability 
from raw outputs to the statistical dataset.

The variables analyzed consisted of normalized rates per 1,000 tokens for selected UD dependency 
relations associated with coordination and subordination. The subordinating relations included ccomp, 
xcomp, advcl, and acl:relcl, while coordination was represented by cc and conj. In addition, mean sen-
tence length was included as a structural control variable, operationalized as the ratio between tokens 
and sentences (tokens_per_sentence), to account for potential differences in verbosity across models.

The reliability of the automatic annotation was evaluated through manual validation on a stratified  
subset of 30 texts (10 per model). For each text, all occurrences identified by the parser for the six 
dependency relations were manually reviewed. Interrater agreement was calculated using Cohen’s 
kappa, yielding an overall coefficient of κ = .84, indicating substantial agreement. Coordination  
relations (cc and conj) showed the highest reliability (κ > .90), while adverbial subordinate clauses 
(advcl) and relative clauses (acl:relcl) presented slightly lower but still substantial agreement levels  
(κ = .76–.79).

Parser performance ranged from .84 for advcl to .95 for cc, with an overall precision of .89.  
These results support the operational reliability of the automatic procedure for identifying aggregated 
syntactic patterns. Because the objective of the study is the multivariate modeling of structural ten-
dencies across texts rather than exhaustive manual annotation, this level of agreement was considered 
adequate for subsequent statistical analysis.

Data Analysis

The statistical analysis was organized at three complementary levels: univariate, multivariate, and  
geometric. At the univariate level, Welch’s ANOVA was applied to test differences between mod-
els under heterogeneity of variances (Welch, 1951). When distributional assumptions were not satis-
fied, Kruskal–Wallis tests were additionally conducted. Multiple comparisons were adjusted using the  
Holm sequential correction (Holm, 1979). Effect sizes were estimated using omega squared and 
Hedges’ g (Hedges, 1981).

At the multivariate level, MANOVA was used to evaluate global differences across the set of  
syntactic variables. To complement this parametric test, a PERMANOVA with 10,000 permutations 
was performed to assess the robustness of group differences under fewer distributional assumptions 
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(Anderson, 2001). The multivariate effect size was estimated using R2. To examine the structure of the 
syntactic feature space, principal component analysis (PCA) was applied to standardized variables, 
enabling dimensionality reduction and visualization of model distributions. Linear discriminant analy-
sis (LDA) was then used to evaluate the capacity to classify the generating model based on its syntactic 
profile. Classification performance was assessed using stratified fivefold cross-validation.

Finally, Mahalanobis distances between group centroids were calculated to quantify geometric sepa-
ration among models. Confidence intervals were estimated through nonparametric bootstrap resam-
pling (Efron, 1979). All analyses were conducted in a reproducible computational environment, where 
the workflow automated the generation of statistical tables and graphical outputs, ensuring analytical 
transparency and facilitating full replication of the procedures.

Results

To examine whether the models differed in the distribution of the syntactic relations analyzed, Welch’s 
ANOVA was applied to each variable. The analysis was complemented with Kruskal–Wallis tests and 
the estimation of effect sizes (ω2). As shown in Table 1, the results indicate statistically significant dif-
ferences across all syntactic variables (p < .001). Effect sizes ranged from moderate to large, indicating 
substantial variation in the frequency of the analyzed dependency relations across models.

In addition to the dependency-based variables, mean sentence length was analyzed as a structural con-
trol variable to determine whether differences in syntactic relations could be explained by variation in 
sentence expansion across models (Table 2).

Mean sentence length differed significantly across models (Welch F = 17.25, p < .001, ω2 = .235). 
ChatGPT produced longer sentences on average (M = 35.93, SD = 2.65) than Claude (M = 32.42,  
SD = 3.60) and Gemini (M = 32.37, SD = 2.30). However, this effect is smaller than those observed for 
the coordination variables cc and conj, which show the largest effect sizes in the univariate analysis.

Table 1. Univariate Welch tests and effect sizes (ω2)

Variable (UD) Welch F p (Welch) H (Kruskal) p (Kruskal) ω2

cc_per1000 48.32 < .001 39.41 < .001 .52

conj_per1000 44.87 < .001 36.02 < .001 .49

ccomp_per1000 22.61 < .001 19.87 < .001 .31

xcomp_per1000 15.34 < .001 13.92 < .001 .24

advcl_per1000 18.92 < .001 16.77 < .001 .27

acl_relcl_per1000 17.45 < .001 15.64 < .001 .25

Note. ω2 represents the approximate effect size derived from classical ANOVA. Values greater than .14 are 
typically interpreted as large effects in social science research.
The variables correspond to dependency relations defined in the Universal Dependencies framework (de 
Marneffe et al., 2021). The relation cc refers to the coordination marker, typically realized as coordinating 
conjunctions. The relation conj indicates the second coordinated element dependent on a coordinated 
structure. The relation ccomp represents a clausal complement with a finite verb. The relation xcomp 
corresponds to a nonfinite clausal complement without its own explicit subject. The relation advcl identifies 
adverbial subordinate clauses, including causal, conditional, or concessive constructions. Finally, acl:relcl 
refers to relative clauses functioning as adjectival modifiers of a noun.
All metrics were normalized per 1,000 tokens in order to control for differences in text length across generated 
outputs.
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Overall, the results indicate systematic differences in the distribution of both coordination and  
subordination relations across models. Coordination structures (cc, conj) show the largest effect sizes 
(ω2 ≈ .50), whereas subordination relations (ccomp, advcl, acl:relcl, xcomp) present moderate effects 
(ω2 = .24–.31). The convergence between the Welch and Kruskal–Wallis tests further supports the 
robustness of these findings. Research Question 1 can therefore be answered affirmatively: statistically 
significant differences exist in the distribution of syntactic structures across the analyzed models.

The second research question examined whether these univariate differences form coherent multivar-
iate syntactic profiles. To address this question, a MANOVA and a complementary PERMANOVA 
were conducted to evaluate the global effect of the model factor on the set of normalized syntactic  
variables. Table 3 reports the results of the multivariate analysis of variance examining the global 
effect of the generating model on the set of syntactic variables.

Table 2. Mean sentence length across models

Model Mean tokens per sentence SD
ChatGPT 35.93 2.65

Claude 32.42 3.60

Gemini 32.37 2.30

Note. Mean sentence length corresponds to the ratio between tokens and sentences (tokens_per_sentence) 
automatically extracted during the parsing pipeline.

Table 3. MANOVA (Pillai’s Trace) for the set of syntactic variables

Effect Pillai’s Trace F df1 df2 p
Modelo 0.78 6.94 12 164 < .001

Note. Dependent variables: ccomp, xcomp, advcl, acl:relcl, cc, conj, normalized as rates per 1,000 tokens.

Table 4. PERMANOVA for the multivariate syntactic space

Observed F p_perm R2 Permutations
25.40 < .001 .369 10,000

The MANOVA results indicate a significant multivariate effect of the generating model (Pillai’s  
Trace = .78, p < .001). This result suggests that the differences observed in the univariate analyses 
emerge as a coherent structural pattern across the joint syntactic feature space.

To complement the parametric analysis, a PERMANOVA based on Euclidean distances in the standard-
ized syntactic space was conducted using 10,000 permutations. This procedure provides an additional 
test of the robustness of the multivariate effect. Table 4 reports the results of the permutation-based 
multivariate analysis.

The PERMANOVA results confirm a significant multivariate effect of the generating model (F = 25.40, 
p_perm < .001). The effect size (R2 = .369) indicates that the model accounts for 36.9% of the variance 
in the joint syntactic space. The convergence between MANOVA and PERMANOVA supports the 
robustness of the multivariate differences identified.
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To examine the geometric organization of the syntactic feature space, a principal component analysis 
(PCA) was conducted on the standardized variables (Figure 1).

Figure 1. Biplot of the principal component analysis (PCA) based on normalized syntactic variables.
Note. Points represent individual texts projected in the PC1–PC2 space, which explains 62.7 percent of the total variance. Arrows indi-
cate the loadings of the Universal Dependencies relations ccomp, xcomp, advcl, acl:relcl, cc, and conj. All variables were standardized 
prior to the analysis.

The PCA reveals a clear structural differentiation across models. The first principal component  
(PC1 = 40.0%) is primarily associated with coordination density, whereas the second component  
(PC2 = 22.7%) differentiates types of subordination. The distribution of texts across the PCA space 
indicates that the models occupy distinct regions within the syntactic feature space, consistent with 
the multivariate results reported above. Research Question 2 can therefore be answered affirmatively: 
the observed differences extend beyond isolated variables and form coherent multivariate syntactic 
profiles.

The third research question examined whether these profiles allow automatic discrimination of the 
generating model. To address this question, linear discriminant analysis (LDA) was applied to the stan-
dardized syntactic variables using stratified fivefold cross-validation. Table 5 reports the classification 
performance of the linear discriminant analysis (LDA) model.

Table 5. Classification accuracy (LDA, fivefold cross-validation)

Metric Value
Overall accuracy 0.911

Folds 5

Validation method Stratified

Note. Predictor variables: ccomp, xcomp, advcl, acl:relcl, cc, and conj, standardized prior to analysis.

The LDA model achieved an overall classification accuracy of 91.1%, indicating that the syntactic 
profile correctly identifies the generating model in approximately nine out of ten cases. This per-
formance substantially exceeds the expected accuracy under random classification in a three-class  
problem (~33%). Table 6 presents the confusion matrix aggregated across the cross-validation folds.
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The confusion matrix shows a high rate of correct classifications across the three models. Misclassi-
fications occur primarily between ChatGPT and Claude, whereas Gemini exhibits a more distinctive 
classification pattern, consistent with its greater separation in the multivariate syntactic space.

To visualize the discriminant structure identified by the LDA model, texts were projected into the 
space defined by the linear discriminant functions (Figure 2).

Figure 2. LDA projection with centroids and 95% confidence ellipses.
Note. Each point represents an individual text projected in the discriminant space defined by LD1 and LD2. The X markers indicate 
the centroids of each model. The ellipses correspond to approximate 95 percent confidence regions based on within-model covariance.

Table 6. Confusion matrix, aggregated across cross-validation

Pred. ChatGPT Pred. Claude Pred. Gemini
ChatGPT 27 2 1

Claude 3 26 1

Gemini 1 2 27

Note. Each row represents the true class and each column the predicted class.

The projection shows a clear separation between model centroids, with partial overlaps consistent with 
the classification errors observed in the confusion matrix. The first discriminant axis (LD1) is primarily 
associated with coordination features, whereas LD2 captures residual variation related to subordina-
tion. These results indicate that the syntactic feature set allows reliable automatic discrimination of the 
generating model.

The fourth research question examined whether this differentiation corresponds to a stable geomet-
ric separation in the multivariate syntactic space. To address this question, Mahalanobis distances 
between model centroids were calculated with confidence intervals estimated through bootstrap resa-
mpling (5,000 iterations). Table 7 reports the Mahalanobis distances between the syntactic centroids 
of the three models.
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All pairwise distances are clearly greater than zero, and their confidence intervals do not include val-
ues near the absence of separation. This indicates that the syntactic centroids of the models are stably 
differentiated within the multivariate feature space. The largest distance corresponds to the ChatGPT–
Gemini pair (D = 2.17), whereas the distances involving Claude show slightly smaller but comparable 
magnitudes. Figure 3 provides a visual representation of these distances.

Table 7. Mahalanobis distances between syntactic centroids, bootstrap 5,000

Model 1 Model 2 Distance CI 95% (2.5–97.5)
ChatGPT Claude 1.73 [1.47, 2.17]

ChatGPT Gemini 2.17 [2.01, 2.48]

Claude Gemini 1.74 [1.50, 2.12]

Note. Mahalanobis distances between syntactic centroids, bootstrap 5,000.

The heatmap highlights the relative magnitude of the distances and facilitates direct comparison across 
model pairs. Consistent with the previous analyses, Gemini shows the greatest separation from the 
other systems, whereas ChatGPT and Claude appear relatively closer in the syntactic space. These 
results confirm that the models occupy distinct regions within the multivariate syntactic space. Accord-
ingly, Research Question 4 can be answered affirmatively: the observed differences correspond to a 
stable geometric separation of syntactic profiles across models.

Discussion 

The present study examined whether ChatGPT, Gemini, and Claude generate distinguishable syntactic 
patterns in academic Spanish and whether those differences form statistically robust structural profiles. 
The results support all four research questions. All dependency relations differed significantly across 
models, and the strongest effects appeared in coordination. These differences also formed integrated 
multivariate profiles, allowed high classification accuracy, and produced stable geometric separation 
among model centroids, particularly between ChatGPT and Gemini. In assessment terms, the central 

Figure 3. Heatmap of Mahalanobis distances between syntactic centroids.
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implication is clear: AI-generated academic Spanish is not structurally interchangeable. Model- 
specific syntactic preferences may therefore form part of the evidence considered when academic  
writing is evaluated, attributed, or interpreted in AI-mediated contexts.

The most substantive finding concerns the role of coordination as a principal axis of differentiation 
among models. Within the framework developed in the theoretical section, this result is particularly 
meaningful. Research on syntactic complexity in Spanish has consistently emphasized that structural 
analysis should focus on how writers organize information and establish interclausal relations rather 
than simply accumulating formal complexity (Beers & Nagy, 2009; Bustos Gisbert, 2018; Crespo 
Allende et al., 2011; Muse & Delicia, 2013). From this perspective, the strong effects observed for cc 
and conj suggest that the primary differences between models lie in how propositions are linked and 
developed. In practical terms, the models appear to diverge in their preferred strategies for additive 
progression and paratactic expansion.

This interpretation aligns with the clause-packaging tradition developed by Katzenberger (2004), 
Nir and Berman (2010), and Berman and Nir-Sagiv (2009), which conceptualizes syntax not only as 
sentence-level form but as a discourse-organizing mechanism through which propositions are hierar-
chically structured and advanced across text. Within this framework, coordination and subordination 
represent distinct strategies of discourse organization rather than interchangeable measures of com-
plexity. The present results support this view: the models do not simply differ in the amount of syntac-
tic complexity they produce but in the distribution of paratactic and hypotactic structures within the 
same academic register. One system appears to favor more additive coordination, whereas the others 
show lower paratactic density combined with different distributions of subordinate constructions. This 
distinction is especially relevant in academic Spanish, where argumentative development and concep-
tual specification depend on the structured linking of propositions rather than on sentence length alone.

The inclusion of mean sentence length further clarifies this interpretation. Although sentence length 
differed significantly across models, its effect size was substantially smaller than those observed for 
coordination relations. This indicates that the structural differentiation identified cannot be reduced to 
verbosity or sentence expansion alone. Instead, the primary differences emerge from the internal orga-
nization of propositions within sentences. From a methodological perspective, this finding strengthens 
the interpretation that the observed variation reflects genuine syntactic structuring rather than superfi-
cial textual length effects.

Subordination also contributes meaningfully to model differentiation. The significant effects observed 
for ccomp, xcomp, advcl, and acl:relcl indicate that hypotactic organization remains an important 
dimension of variation, even if it is less discriminative than coordination. This pattern is consistent 
with the Spanish-language literature reviewed in the theoretical framework. Crespo Allende et al. 
(2011) and Muse and Delicia (2013) highlight the multidimensional nature of syntactic complexity in 
academic discourse, while Beers and Nagy (2009) demonstrate that the relationship between complex-
ity and writing quality varies by genre and metric. The present findings support this perspective. Rather 
than reflecting a simple continuum of complexity, the models instantiate different balances between 
paratactic and hypotactic organization within the same discourse domain.

The multivariate analyses reinforce this interpretation by demonstrating that these differences form 
coherent structural profiles. The combined evidence from MANOVA, PERMANOVA, PCA, and 
Mahalanobis distances indicates that the models occupy differentiated regions within the same syn-
tactic feature space. This approach addresses a common limitation in the literature on AI-generated 
writing, where heterogeneous feature inventories are often analyzed without demonstrating whether 
they jointly constitute meaningful structural configurations. By treating syntax as a multivariate profile 
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rather than as a list of independent features, the present study aligns with Dunn’s (2019) argument that 
structural modeling can reveal systematic group differences and support robust classification. The tri-
angular configuration observed in the syntactic space further suggests that the models do not lie along 
a single continuum of elaboration but instead exhibit distinct orientations within the same academic 
discourse domain.

These findings are also consistent with broader research on Spanish-language language models. 
Moreno Sandoval (2024) emphasizes that contemporary LLMs generate text through probabilistic pre-
diction rather than explicit grammatical rules, making output profiling essential for understanding how 
linguistic structures emerge in model-generated text. Moreover, Muñoz-Basols et al. (2024) show that 
Spanish-language LLM development is shaped by digital linguistic bias, including uneven representa-
tion of linguistic varieties and dependence on English-centered infrastructures. Kawasaki (2026) sim-
ilarly demonstrates that LLMs capture Spanish variation unevenly across the Spanish-speaking world. 
Although the present study focuses on academic register rather than dialectal variation, these findings 
help explain why model-specific structural tendencies should emerge in Spanish-language outputs. 
Differences in training data composition and representational priorities are likely to produce distinct 
structural preferences across models.

Research Question 3 is addressed by the classification results. The LDA model achieved an accuracy 
of 91.1%, demonstrating that a relatively small set of interpretable dependency relations contains suf-
ficient information to identify the generating system in most cases. This finding highlights the analytic 
potential of syntactic profiling as a method for model attribution. However, the implications of this 
result should be interpreted cautiously. The present evidence demonstrates explainable structural pro-
filing within a controlled corpus rather than a universal detection tool. This position is consistent with 
the broader detection literature, which shows that AI text detection performance varies across domains, 
prompts, models, and post-editing conditions (Chaka, 2023; Cingillioglu, 2023; Corizzo & Leal- 
Arenas, 2023; Han et al., 2025; Weber-Wulff et al., 2023). Accordingly, the contribution of this study 
lies less in forensic detection than in linguistically interpretable model characterization.

Implications for Language Assessment

These findings have direct implications for language assessment. First, syntactic profiles can com-
plement, but not replace, human judgment in academic-integrity contexts. The 91.1% LDA accuracy 
indicates that dependency relations contain attribution-relevant information under controlled condi-
tions; however, this evidence should be treated as probabilistic and context-bound, especially when 
texts are post-edited, translated, or produced with different prompts. This cautious stance is consistent 
with recent Language Education & Assessment research, which treats AI-supported assessment and 
feedback as tools that must be interpreted alongside human judgment, task criteria, and pedagogical 
context (Es-sarghini & Boumahdi, 2026; Jitpaisarnwattana, 2026). Second, the features analyzed here 
may inform rubric refinement for academic Spanish by making explicit how coordination, subordina-
tion, and clause linkage contribute to the construct of academic writing. This claim also aligns with 
evidence that automated textual features can help model L2 writing quality and classify writing tasks 
(Tywoniw & Crossley, 2019). Third, the same features can be incorporated into transparent AES/AWE 
systems as explainable indicators, avoiding exclusive dependence on opaque lexical or neural scores.

At the same time, the results should not be interpreted as indicating that AI-generated academic  
Spanish is deficient simply because it is differentiable. A more balanced conclusion is that LLMs pro-
duce academically plausible Spanish through identifiable structural preferences. Because the present 
study does not compare model outputs with a matched human corpus, its strongest claim concerns 
inter-model differentiation rather than comparisons with human writing quality or universal AI-text 
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detection. In addition, the model comparison is temporally situated in February 2026 and should be 
revisited as ChatGPT, Gemini, and Claude are updated. This interpretive restraint strengthens the con-
tribution of the study by aligning its claims with the scope of the design.

Overall, the findings demonstrate that academic Spanish generated by ChatGPT, Gemini, and Claude 
contains statistically significant, multivariately stable, and computationally discriminable structural 
signatures. The main contribution of the study lies in combining linguistically interpretable syntactic 
analysis with robust multivariate modeling in a Spanish-language context that remains underrepre-
sented in AI writing research. Future work should examine whether these structural profiles remain 
stable across prompt variation, human post-editing, different academic genres, and direct comparisons 
between human and AI-generated academic writing in Spanish. In this sense, syntactic profiling should 
be understood not primarily as a detection mechanism but as a productive framework for analyzing 
how different LLM architectures instantiate academic discourse and how such instantiations may be 
used responsibly in language assessment.

Conclusion

This study examined whether large language models generate distinguishable syntactic configurations 
in academic Spanish by comparing patterns of coordination, subordination, and sentence length across 
ChatGPT, Gemini, and Claude. The results revealed systematic differences in the distribution of all 
analyzed dependency relations. Coordination structures (cc, conj) showed the largest effect sizes, indi-
cating that the principal axis of differentiation among models lies in the use of paratactic linking strat-
egies. Subordination relations (ccomp, xcomp, advcl, acl:relcl) also varied significantly, although with 
more moderate effects, suggesting differences in how models structure hypotactic relations within aca-
demic discourse. Mean sentence length differed across systems but with a smaller effect size, indicating 
that the observed variation cannot be explained by verbosity alone but primarily reflects differences in 
syntactic organization. These structural patterns formed coherent multivariate profiles, enabling model 
identification with high classification accuracy and producing stable geometric separation within the 
syntactic feature space.

Beyond these empirical findings, the study demonstrates that syntactic profiling offers a linguistically 
interpretable approach for analyzing AI-generated academic writing in language assessment contexts. 
Rather than relying solely on surface fluency or generic detection tools, examining clause linkage and 
syntactic organization reveals how different LLM architectures instantiate academic discourse through 
identifiable structural preferences. These features may support more transparent assessment practices 
when AI-assisted academic writing is considered as evidence of linguistic performance, authorship, or 
task completion.

From an educational and assessment perspective, the findings suggest that the evaluation of AI-assisted 
academic writing should consider structural features in addition to surface textual adequacy. For rubric 
design, coordination and subordination metrics can help operationalize dimensions of syntactic control 
in academic Spanish. For AES/AWE development, dependency-based features can provide explainable 
indicators that complement global scores. For academic integrity, syntactic profiles may contribute to 
cautious model-attribution procedures under controlled conditions, while remaining insufficient as a 
stand-alone basis for high-stakes decisions. Future research should examine the stability of these syn-
tactic profiles across prompts, genres, post-editing conditions, and matched human-written corpora.
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