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Abstract

Language learners typically exhibit first lan-
guage (L1) influence in their written second lan-
guage (L2) production. We investigate whether
similar patterns emerge in L2 language mod-
els (L2LMs), which are typically assessed on
task-based benchmarks rather than on language
use. We evaluate the use of Native Language
Identification (NLI) as a method for detecting
whether L2LMs exhibit human-like L1 influ-
ence. Using existing learner corpora and our
novel L2 English dataset, we identify the con-
ditions that yield the highest NLI accuracy, and
show that text length but not proficiency affects
performance. We then apply NLI to L2LM-
generated text under various instruction-tuning
and prompting conditions. We find that instruc-
tion tuning on human learner essays yields high
NLI accuracy (∼90%) and is necessary for de-
tectable L1 influence. Whilst NLI accuracy
is similar for L2LM and human essays, hu-
man evaluation shows that LM-generated L1
influence remains distinguishable from human
writing.

1 Introduction

Multilingual language models (LMs) are trained
with shared parameters across languages, facili-
tating crosslingual generalisation (Conneau et al.,
2020). Yet bilingual and multilingual models often
underperform compared to monolingual systems
(Zhou and Matusevych, 2025; Xu et al., 2025; Sal-
han et al., 2026). However, these findings are based
on evaluations that define linguistic competence
primarily in terms of benchmark accuracy, such
as controlled grammaticality judgement tasks (e.g.,
BLiMP; Warstadt et al., 2020), which quantify task
performance but do not capture an LM’s linguistic
behaviour (Hagendorff et al., 2023), or whether
its crosslingual generalisations resemble patterns
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observed in human second language acquisition
(SLA). Consequently, it remains unclear whether
bilingual LMs exhibit human-like behaviour in sec-
ond language (L2) production.

In human SLA, a learner’s first language (L1)
systematically influences written L2 production
(Swan and Smith, 2001; Gonzalez-Torres and
Mayo, 2025; Shatz, 2017), with errors emerg-
ing when L1 and L2 patterns diverge (Selinker,
1969). We investigate whether second language
LMs (L2LMs)—models designed to simulate SLA
(Aoyama and Schneider, 2024)—can generate
human-like L2 text. Human-likeness is defined
as the presence of L1-influenced patterns observed
in human L2 writing. Our study focuses on seven
L1s (Spanish, French, German, Polish, Turkish,
Arabic, Mandarin Chinese) with English as the L2.

We evaluate L2LMs using Native Language
Identification (NLI), a method for detecting a
writer’s L1 from L2 text (Tetreault et al., 2013);
this application allows us to assess whether L2LM
outputs exhibit human-like L1 influence. To our
knowledge, this is the first time that NLI has been
applied to LM-generated text. First, we identify
the conditions under which NLI is most accurate
on human-written text. Based on our findings, we
use the best-performing NLI method to evaluate
L2LM-generated text. We address two research
questions:

RQ1: What are the optimal conditions for NLI
detection of L1 influence?

We compare the NLI capabilities of GPT-4 and
GPT-5 under two prompting conditions (explana-
tion vs. no explanation). We also examine text-
level factors such as essay length and learner profi-
ciency. To disentangle these typically confounded
effects, we create a length-controlled L2 learner
dataset spanning three proficiency levels (beginner,
intermediate, advanced) and seven L1 backgrounds,
with matched essay prompts. This enables the first
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systematic investigation of how text length and
proficiency independently affect NLI performance.
Our results indicate that GPT-5 and prompting for
explanations provide no significant advantage over
GPT-4 without explanation. Crucially, we find that
NLI performance is strongly affected by text length,
but not learner proficiency, validating it as a robust
detection tool across proficiency levels.

RQ2: Can L2LMs simulate human-like L2 writ-
ing?

We investigate factors that shape L1 influence
in L2LM outputs, including instruction-tuning,
prompt style, and the quantity of L2 pretraining
data. We compare base L2LM essays with those
generated under three instruction-tuning conditions:
English-only, English and L1, and L1-specific L2
English, a dataset created for this study. We find
that LM-generated essays are accurately classified
by NLI only when instruction tuned on L1-specific
L2 English. In this instruction-tuning condition,
neither L2 pretraining data nor prompt style manip-
ulations affected NLI accuracy.

To address human-likeness, we compare LM-
generated essays with human-written L2 essays
matched for L1, prompt, and text length. Whilst
NLI accuracy is equally high on LM and human
essays, analyses of named entities show that they af-
fect NLI-detectable L1 influence in LM-generated
essays but not in human-written essays. Finally,
human evaluation reveals that, despite high NLI
accuracy, L1 influence in L2LM-generated text is
distinguishable from human writing, indicating that
L2LMs do not simulate human-like written L2 pro-
duction.

Contributions Our study contributes: (1) an
identification of conditions that optimise NLI per-
formance, including effects of text length and pro-
ficiency; (2) a novel human L2 corpus of prompt-
matched, length-controlled essays from seven L1s
and three proficiency levels; (3) a novel L1-specific
L2 human learner instruction-tuning dataset, and
demonstration of its necessity for detectable L1
influence in L2LM outputs; (4) a comparison of
LM-generated and human-written L2 texts, mark-
ing the first application of NLI to LM-generated
text; (5) human evaluation showing that high NLI
accuracy does not guarantee human-like L2 pro-
duction.

Models, tokenizers, and datasets are available

on Hugging Face.1 Pretraining, instruction tuning,
NLI, and prompting code is available on GitHub.2

2 Related Work

2.1 L2LMs as human proxies

There are several clear limitations to using LMs
as proxies for human learning (see Cuskley et al.,
2024; cf. Salhan et al., 2025). Firstly, LMs are
trained on orders of magnitude more data than
humans. Although smaller human-scale models
may be more appropriate for cognitive comparison
(Wilcox et al., 2025), they diverge from human
learners in fundamental ways. Whilst efforts such
as the BabyLM challenge aim to reduce this gap
(Warstadt et al., 2023), the nature of the input re-
mains fundamentally different: LMs are trained on
text, whereas human learners receive multimodal,
interactive input in an embodied manner (Cuskley
et al., 2024). Additionally, learning in LMs relies
on backpropagation, a learning mechanism that
is biologically implausible (Lillicrap et al., 2020).
Moreover, LMs may succeed on some tasks but
fail to replicate human-like processing (see Cai
et al., 2024; Binz and Schulz, 2023). High perfor-
mance may reflect architectural flexibility rather
than human-like representations, as models per-
form equally well when trained on unnatural inputs
such as reversed text (Luo et al., 2024).

Despite differences between humans and LMs,
prior work suggests that L2LMs can simulate as-
pects of human L2 behaviour. For example, struc-
tural priming effects in L2LMs are weaker for typo-
logically distant L1-L2 pairs (Arnett et al., 2025),
mirroring human cross-linguistic priming (Hart-
suiker et al., 2004; Bernolet et al., 2007). For L2
competence, Yadavalli et al. (2023) provide indirect
evidence of L1 influence: poor performance on spe-
cific L2 constructions in BLiMP is attributed to L1
transfer. For L2 production, LLMs can generate L1-
influenced dialogue when prompted with human
L2 data and descriptions of L1-specific grammati-
cal traits (Gao et al., 2025). Since these L1 effects
are induced and the models are not L2LMs, it re-
mains unclear whether human-like L1 influence
in L2 production can emerge naturally. Building
on this, we evaluate whether L2LMs can simulate
human-like L2 text.

1
https://huggingface.co/ALTACambridge

2
https://github.com/suchirsalhan/

l1-influence-in-l2lms
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2.2 L1 influence in L2 production

Human SLA exhibits characteristic patterns of L1
influence. Language transfer—the effect of the L1
on the L2—can facilitate learning via typological
similarities or inhibit it due to differences, causing
systematic error patterns (Swan and Smith, 2001;
Gonzalez-Torres and Mayo, 2025). L1 influence
can also appear subtly, such as in the overuse of
L1–L2 congruent structures or avoidance of L1-
absent structures (Berti et al., 2023; Zomer and
Frankenberg-Garcia, 2021). Since different L1s
produce unique influence patterns (inter-group het-
erogeneity; Jarvis, 2000), a learner’s L1 can be in-
ferred through detection-based approaches (Jarvis
and Crossley, 2012). This motivates the machine
learning task of NLI, which can detect “subtle and
unpredicted” L1 transfer (Yang et al., 2025).

2.3 Native Language Identification

NLI involves determining an author’s L1 from text
written in an L2. Traditional approaches employ
feature-based methods (e.g., Tetreault et al., 2013),
which can reach ∼80% accuracy but require ex-
tensive feature engineering. In contrast, LLMs
have established a new state of the art, exceeding
90% accuracy (e.g., Zhang and Salle, 2023; Ng and
Markov, 2025).

In traditional NLI methods, classification is typi-
cally easier for low-proficiency essays (Kyle et al.,
2015). The effect of learner proficiency on LLM-
based methods has not yet been tested. However,
it has been shown that NLI accuracy improves
with increased text length (Zhang and Salle, 2023;
Nicholls and Alperin, 2025). Crucially, in L2 writ-
ing, text length and proficiency are strongly corre-
lated (Martínez, 2018), and the individual effect of
each factor, whilst controlling for the other, has not
yet been systematically investigated.

3 Methodology

To investigate whether L2LMs exhibit human-like
L1 influence (RQ2), we evaluated their outputs
using NLI under the optimal conditions identified
in RQ1.

3.1 RQ1

To identify optimal NLI conditions, we conduct
two experiments. Experiment 1 compares model
(GPT-4 vs. GPT-5) and prompting (explanation
vs. no explanation) conditions to identify the best-
performing configuration for L1 detection. Experi-

ment 2 examines text-level factors, testing the ef-
fect of learner proficiency whilst controlling for
text length to isolate its impact on NLI perfor-
mance.

Experiment 1 Following Zhang and Salle (2023),
the model performs NLI as a closed-set, zero-shot
task (see Figure 8, Appendix B). Four model con-
ditions were compared: two models (GPT-4 and
GPT-53) under two prompting conditions – request-
ing explanation vs. no explanation. Whilst GPT-4
currently achieves state-of-the-art performance on
NLI benchmarks (Zhang and Salle, 2023; Ng and
Markov, 2025), GPT-5 has not yet, to the best of
our knowledge, been evaluated for this task. Ex-
planation prompting is motivated by evidence that
generating explanations can improve LLM perfor-
mance (Dhaini et al., 2025). NLI was run five times
for each model condition to ensure reliability.

We used a subset of the Write & Improve Corpus
2024 (W&I; Nicholls et al., 2024), which includes
L1 and CEFR4 proficiency metadata. The subset
comprised 147 essays (21 per L1; seven per CEFR
level A, B, and C, corresponding to beginner, inter-
mediate, and advanced, respectively) with a mean
length of 884 (SD=505) characters.

Experiment 2 We examined the effect of profi-
ciency on NLI accuracy whilst controlling for text
length. As prior work suggests that text length af-
fects accuracy (see Section 2.3), it was crucial to
isolate the effects of each factor and ensure that
NLI performance is comparable across beginner,
intermediate, and advanced proficiency levels. We
included two text length controls: (1) W&I essays
were artificially truncated to the median length of
A-level essays (291 characters), with shorter essays
(n = 24) included without modification; (2) 466
longer essays (800-1,200 characters) were from
our own L2 dataset (see Section 3.3). For compar-
ison, the effect of proficiency without controlling
for text length was also evaluated using the origi-
nal W&I subset. The NLI procedure followed the
design of Experiment 1.

3.2 RQ2
We investigated whether L2LMs can simulate
human-like L2 writing by examining the effects
of four independent variables: instruction-tuning
condition, amount of L2 pretraining data received

3Accessed Jan-Feb 2026.
4Common European Framework of Reference for Lan-

guages (CEFR) rating.
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(25%, 50%, or 75% of total L2 tokens), prompt
style, and prompt topic.

3.2.1 L2LM Training
Pretraining Following Arnett et al. (2025), we
pretrained seven 250M-parameter GPT-2 L2LMs
on 5B tokens, one per L1, with English as the L2.
Each model has 24 layers, 14 attention heads, a
hidden size of 896, a 512-token context window,
and a 50k-token vocabulary (see Appendix A.1).

The pretraining dataset consisted of L1 and L2
data in a 2:1 ratio. L1 data (3.33B tokens) were
sourced from CulturaX (Nguyen et al., 2024), and
L2 data (1.67B tokens) from the English subset of
FineWeb-Edu (Lozhkov et al., 2024). We trained
50k-vocab bilingual (L1-English) byte-level BPE
tokenizers on 2M sentences with a 1:1 L1:L2 mix,
and pretokenized all training data into 512-token
sequences.

Pretraining followed a two-phase schedule. In
Phase 1 (0-50%), the model was exposed exclu-
sively to L1 (2.5B tokens). Phase 2 (51-100%)
interleaved the L2 data (1.67B) with the remaining
L1 data (0.83B) at a 2:1 ratio.

Instruction tuning We investigated the effect
of instruction tuning on L1 influence, with the
base (non-instruction-tuned) model as a baseline.
Full-weight instruction tuning was applied under
three dataset conditions: (1) English-only, (2) En-
glish and L1 (1:1), and (3) L1-influenced L2 En-
glish. The English-only dataset comprised 30,000
generic QA pairs from Alpaca English (Taori et al.,
2023). The English + L1 dataset also contained
30,000 QA pairs, split equally between Alpaca
English and its translation for each L1 (see Ap-
pendix A.2 for dataset references). We created
seven L1-specific L2 English datasets from the
EFCAMDAT (Geertzen et al., 2013) and W&I
(Nicholls et al., 2024) learner corpora, each con-
taining 10,000 prompt-essay pairs, except Polish
(n=370) and Turkish (n=4,847) due to limited cor-
pus data (see Appendix A.2 for detailed dataset
composition).

To examine the effect of L2 data exposure, in-
struction tuning was conducted at one of three pre-
training checkpoints: after 25%, 50%, and 75%
of total L2 tokens. For ease of comparison with
human responses, we refer to these as beginner,
intermediate, and advanced proficiency levels, but
we do not imply direct equivalence.

In total, 84 model versions were created, cov-

ering all combinations of seven L1s, four model
variants (one base and three instruction-tuned), and
three pretraining checkpoints.

3.2.2 Prompt engineering
As monolingual and bilingual prompting have been
shown to affect LLM output (Yuan et al., 2025),
we compare three prompting styles: basic, mixed-
language, and ‘language-to-thought’ (L2T). Basic
prompts align with human L2 writing assessment
tasks. Mixed-language prompts combine L1 and
L2 by translating sections of the basic prompts
(Srivastava and Singh, 2021; Singh et al., 2024; Lin
et al., 2022). L2T prompts instruct the model to
‘think’ in the L1 before responding in English (see
Kang and Kim, 2025), and are otherwise identical
to the basic prompts.

Figure 1: Example of a mixed-language prompt (Span-
ish L1).

We created nine distinct prompts by combining
three styles (basic, mixed-language, and L2T) with
three topics (hobbies, holiday, family). An example
is provided in Figure 1 (see Appendix A.3 for all
prompts).

Each model version was prompted twice on each
of the nine prompts, resulting in a total of 1,512
LM-generated essays. Outputs were constrained to
250-300 tokens (∼800-1,200 characters).

3.3 Novel L2 learner dataset

We created a novel dataset of learner English es-
says by collecting responses to nine prompts from
seven L1 backgrounds across three proficiency lev-
els, controlling for text length (RQ1). This design
enabled direct comparison with model-generated
text by matching prompts between human partici-
pants and LMs (RQ2). For each proficiency level
and L1, at least six participants were recruited. In
total, the dataset comprised 466 essays. Full ethical
approval was granted by the Department of Com-
puter Science and Technology at the University of
Cambridge.

Participants 174 participants (M age=30; 42.5%
female) were recruited via Prolific. The task took
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approximately 30 minutes, and participants were
compensated at the local living wage. Informed
consent was obtained in the participant’s native
language.

Design and procedure Each participant re-
sponded to three prompts (each topic and style were
presented exactly once; see Appendix B.3). Prompt
sequences were pseudo-randomised to counter-
balance the nine prompts across L1-proficiency
subgroups, minimising dependencies between
prompts, and ensuring that each prompt was an-
swered at least twice per subgroup. Essay length
was constrained to 800-1,200 characters. Partici-
pants were instructed not to use external resources
and were informed that the task was not a test.
Essays were manually screened for signs of gener-
ative AI usage.

3.4 Evaluation
Model-generated and human-written texts were
evaluated with NLI using the GPT-4 model (no ex-
planation) (see Section 4.1). In line with Zhang and
Salle (2023), if the model predicted an L1 outside
the seven L1 classes, the model was re-prompted
until one of the known L1s was predicted.

LLMs may rely on named entities as superfi-
cial cues to the writer’s L1 (Uluslu et al., 2025).
Using Named Entity Recognition (NER), we re-
placed any entities present in human-written and
LM-generated essays with neutral English ones
(see Appendix A.4). NLI was performed on both
the original and NER-normalised texts.

To evaluate the use of NLI as a metric of
human-likeness, three computational linguists
judged whether texts were human-written or LM-
generated. Each evaluator reviewed 42 texts (21
human, 21 LM), balanced across L1, prompt style,
and instruction-tuning condition (126 essays in to-
tal). We also assessed the potential effect of LM
generation artefacts on judgements by manually
editing the essays (e.g., removing unusual char-
acters) provided to one of the evaluators (see Ap-
pendix A.4).

4 Results: RQ1

4.1 Experiment 1
Experiment 1 tested NLI performance across four
model conditions. Table 1 summarises accuracy
by model and prompting condition. No significant
differences were found across the five NLI runs for
any condition (Table 9, Appendix B).

explanation no explanation

GPT-4 83.3 81
GPT-5 79.7 80.4

Table 1: NLI accuracy (%) per model condition (aver-
aged across five iterations).

All four model conditions performed signifi-
cantly above chance (1/7; Wilcoxon signed rank
test, Holm-adjusted p < .001). Accuracy did not
differ between model conditions (Friedman test,
χ
2(3) = 3.82, p = .28). By L1, GPT-5 showed

higher accuracy for Arabic (χ2(3) = 11.54, p <
.01), but post-hoc pairwise comparisons were not
significant after Holm correction (p ≥ .12). No
other L1 differences were observed. Confusion ma-
trices are shown in Figure 9 (Appendix B). Kruskal-
Wallis tests confirmed no significant L1 differences
within any model (Table 9, Appendix B).

Based on these results, the GPT-4 no-explanation
condition was selected for NLI, as GPT-5 showed
no advantage, and explanation prompts provided no
benefit, with occasional hallucinations (see Figure
10, Appendix B).

4.2 Experiment 2

We examined the effect of proficiency on NLI ac-
curacy whilst controlling for text length. We report
only the results of the GPT-4 no-explanation condi-
tion (see Appendix B for other conditions).

Original W&I subset NLI accuracy was 81%,
noticeably lower than the state-of-the-art perfor-
mance (91.7%) reported by Zhang and Salle (2023)
on TOEFL11. This is partly attributable to the
shorter essays in our dataset (mean 884 vs. 1,785
characters in Zhang and Salle, 2023). Correctly
classified W&I essays were significantly longer
than misclassified ones (Figure 2; see also Table 10
and Figure 11, Appendix B).

Proficiency and text length are highly correlated
in this dataset (Spearman’s ρ(145) = .87, p <
.001). Proficiency significantly affected NLI ac-
curacy (Kruskal-Wallis: p < .01), with A-level
essays classified significantly less accurately than
C-level essays (post-hoc Wilcoxon, p < .01; Table
11, Appendix B).

Truncated W&I subset Truncating essays to
≤291 characters reduced overall NLI accuracy to
67%, which remained significantly above chance
(p < .001). A Kruskal-Wallis test revealed no sig-
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Figure 2: Boxplot of text length by NLI classification
accuracy (averaged over five runs). Texts with mean ac-
curacy <1 are classified as 0 (incorrect); mean accuracy
= 1 are classified as 1 (correct).

nificant differences in accuracy between A-, B- and
C-level essays (χ2(2) = 0.45, p = .80).

Length-controlled L2 dataset NLI accuracy
was 83% (95%CI[79.33, 86.34], p < .001) on our
novel dataset (M = 906 ± 109 characters). Per-
L1 accuracy (Figure 3a) was significantly above
chance (see Table 3b). A generalised linear mixed
model (GLMM) was fitted with L1, proficiency,
prompt style, prompt topic, and NER condition as
fixed effects, and user ID as a random intercept
(see Table 14, Appendix B.3 for model summary).
Crucially, proficiency had no significant effect on
NLI accuracy (p ≥ .09).

(a) Confusion matrix

L1 F1 P R p
Spanish 0.84 0.76 0.94 <.001

French 0.81 0.85 0.78 <.001

German 0.84 0.75 0.95 <.001

Polish 0.93 0.93 0.93 <.001

Turkish 0.83 0.93 0.75 <.001

Arabic 0.76 0.94 0.63 <.001

Chinese 0.81 0.74 0.89 <.001

(b) Precision, recall, and F1

Figure 3: NLI performance on human-written essays:
(a) confusion matrix; (b) per-L1 precision (P), recall (R),
and F1 scores. p-values are from one-tailed binomial
tests.

Overall, Experiment 2 showed that, when text
length was controlled, proficiency had no signif-
icant effect on NLI accuracy, both for short (291
characters) and longer (800-1,200 characters) es-
says, validating GPT-4 as a detection tool across
proficiency levels.

5 Results: RQ2

5.1 Effects of instruction tuning
We evaluated the L2LM generations under three
instruction-tuning conditions, as well as from the
base models as a baseline.

First, the base models were tested on BLiMP
(Warstadt et al., 2020) and MultiBLiMP (Jumelet
et al., 2026) (see Figure 13, Appendix C.1). Multi-
BLiMP results suggest that our training regime did
not lead to catastrophic forgetting. BLiMP scores
increased as L2 data quantity increased. The seven
models (one per L1) did not differ significantly
in BLiMP and MultiBLiMP scores (see Table 15,
Appendix C.1).

5.1.1 Base model
Mean NLI accuracy was 23.5% (95%CI[19.36,
28.15]), remaining significantly above chance (p <
.01). However, this effect was driven by Chinese,
where high recall (0.91) but low precision (0.16)
resulted in many false positives (see Table 2; Fig-
ure 4a). NLI accuracy was not above chance for
any other L1.

L1 F1 P R p
Spanish 0.22 0.38 0.15 .51
French 0.34 0.75 0.22 .08
German 0.26 0.40 0.19 .24
Polish 0.08 1.00 0.04 1.0
Turkish 0.04 1.00 0.02 1.0
Arabic 0.23 1.00 0.13 .67
Chinese 0.27 0.16 0.91 <.001

Table 2: NLI precision (P), Recall (R), and F1 scores
per L1 background for the base model. p-values are
from one-tailed binomial tests.

5.1.2 Comparing instruction-tuning
conditions

A GLMM was fitted with the fixed effects of L1,
instruction-tuning condition, proficiency, prompt
style, prompt topic, and NER condition, including
the two-way interactions between instruction tun-
ing and NER, prompt style and prompt topic, and
instruction tuning and prompt style. Model version
was included as a random intercept. Model sum-
mary is shown in Table 3 (full results in Table 16,
Appendix C).

Baseline accuracy was below chance (p < .001).
Relative to this baseline, L1 significantly affected
performance: Polish, Turkish, and Arabic de-
creased accuracy, whilst the significant advan-
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Term Estimate Std. Error z value p

(Intercept) -2.92 0.48 -6.07 <.001
IT: English-only -0.16 0.52 -0.31 .76
IT: English + L1 0.52 0.48 1.08 .28
IT: L2 English 6.75 0.51 13.33 <.001
NER 0.03 0.26 0.13 .90
Style: L2T 0.10 0.48 0.22 .83
Style: Mixed 2.75 0.43 6.43 <.001
Topic: Hobbies 0.64 0.31 2.04 <.05
Topic: Holiday 0.69 0.31 2.19 <.05
IT: English-only * NER 0.04 0.38 0.12 .91
IT: English + L1 * NER -0.12 0.35 -0.34 .73
IT: L2 English * NER -3.37 0.40 -8.35 <.001
Style: Mixed * Topic: Hobbies -1.03 0.39 -2.62 <.01
IT: English-only * Style: L2T 1.34 0.56 2.41 <.05
IT: English-only * Style: Mixed -1.22 0.53 -2.33 <.05
IT: L2 English * Style: Mixed -2.22 0.44 -5.00 <.001

Table 3: Model summary. The intercept is set to base
model, Spanish L1, basic prompt style, family topic,
and original essays (no NER).

tage of Chinese L1 is attributable to false posi-
tives (see Table 2). Proficiency had no signifi-
cant effect. Neither English-only nor English +
L1 instruction-tuning conditions significantly af-
fected accuracy (p > .05). In contrast, L2 English
instruction tuning significantly improved NLI ac-
curacy (p < .001). Whilst NER had no main effect
(p = .90), it significantly dampened the improve-
ment from L2 English instruction tuning (p < .001).
Prompt topic influenced accuracy: essays on hob-
bies and holiday topics were classified more accu-
rately than the baseline (p < .05). Prompt style ef-
fects depended on both topic and instruction-tuning
condition. Mixed-language prompting improved
accuracy in the base model (see Appendix C.3).
However, this benefit was attenuated for the hob-
bies topic (p < .01), as well as under English-only
(p < .05) and L2 English (p < .001) instruction-
tuning conditions. L2T prompts had no significant
main effect but significantly increased accuracy
under English-only instruction tuning (p < .05).

(a) Base model (b) L2 English IT

Figure 4: Confusion matrices for NLI on essays gen-
erated by the base model and L2 English instruction-
tuning model conditions.

Overall, the L2 English instruction-tuning condi-

tion resulted in the highest NLI accuracy. Neither
the English-only nor English and L1 instruction-
tuning conditions improved NLI performance rela-
tive to the base model (see Appendix C for detailed
results).

5.1.3 L2 English instruction tuning
Table 4 reports NLI precision and recall for origi-
nal and NER-normalised essays. On the original
essays, overall NLI accuracy was 92.33% (95% CI
[89.2%, 94.80%]). Classification accuracy was sig-
nificantly above chance (1/7) for all L1s (p < .001).
Precision was near ceiling for all L1s except Chi-
nese (0.65), reflecting false positive predictions
(see Figure 4). Recall was near ceiling (0.94-1.00)
for all L1s except Polish (0.59), likely due to its
smaller intruction-tuning dataset (n = 370 exam-
ples; Section 3.2.1). Accuracy did not differ sig-
nificantly by prompt style (χ2(2) = 5.45, p = .07)
or by prompt topic once accounting for interac-
tions between prompt topic and style (see Table 20,
Appendix C.6).

NER normalisation reduced accuracy to 55.82%
(95% CI [50.65%, 60.90%]) but remained signif-
icantly above chance overall (p < .001) and for
all L1s except Polish (p = 1.0), likely due to the
small size of the instruction-tuning dataset (Section
3.2.1). Per-L1 comparisons indicated that NER
normalisation significantly reduced NLI accuracy
for all L1s (p < .001) except Spanish (p = .13)
(Table 21, Appendix C.6).

L1 Learner IT (original) Learner IT (NER)

F1 P R p F1 P R p
Spanish 0.98 1.00 0.96 <.001 0.77 0.68 0.89 <.001
French 0.97 1.00 0.94 <.001 0.72 0.97 0.57 <.001
German 0.99 1.00 0.98 <.001 0.77 1.00 0.63 <.001
Polish 0.73 0.97 0.59 <.001 0.04 0.25 0.02 1.0
Turkish 0.99 1.00 0.98 <.001 0.67 0.83 0.56 <.001
Arabic 1.00 1.00 1.00 <.001 0.41 1.00 0.26 <.05
Chinese 0.79 0.65 1.00 <.001 0.44 0.28 0.98 <.001

Table 4: Precision (P), Recall (R), and F1 scores per L1
background for learner essay instruction-tuning condi-
tion: original and NER-normalised essays.

5.2 Comparing human-written and
LM-generated texts

To compare NLI accuracy on human-written
and LM-generated essays (from the L2 English
instruction-tuning condition), a GLMM was fit-
ted with the fixed effects of animacy (human vs.
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LM), L1, NER, prompt style, prompt topic, and
proficiency. We included interactions between an-
imacy and L1, animacy and NER, and animacy
and prompt topic. User ID (model version/partici-
pant) was included as a random intercept. Model
summary is in Table 5 (full results in Table 22,
Appendix C.7).

Term Estimate Std. Error z value p

(Intercept) 4.13 0.76 5.45 <.001
L1: Turkish -2.48 0.79 -3.12 <.01
L1: Arabic -3.25 0.72 -4.54 <.001
Animacy: LM 1.46 1.34 1.09 .28
NER 0.05 0.22 0.23 .82
Animacy: LM * L1: Polish -5.33 1.74 -3.07 <.01
Animacy: LM * NER -3.94 0.46 -8.66 <.001
Animacy: LM * Topic: Hobbies 0.89 0.40 2.24 <.05
Animacy: LM * Topic: Holiday 1.00 0.41 2.46 <.05

Table 5: Model summary. The intercept is set to human-
written, Spanish L1, basic prompt style, family topic,
and original essays (no NER).

Baseline accuracy was significantly above
chance (p < .001). Turkish and Arabic L1 signifi-
cantly decreased NLI accuracy (p < .01), although
performance remained significantly above chance
(Table 3b). There were no significant main effects
of animacy, NER, prompt style, prompt topic, or
proficiency (p < .05). However, a strong nega-
tive interaction between animacy and NER was
found (p < .001), indicating that NER significantly
reduced NLI accuracy for LM-generated essays
but not for human-written essays. The interaction
between animacy and L1 was significant for Pol-
ish (p < .01), with LM-generated essays being
classified less accurately than human essays. Addi-
tionally, LM-generated essays were classified more
accurately than human essays for hobbies and holi-
day topics (p < .05).

5.2.1 Human evaluation
Mean evaluator accuracy was 87.3%. Classifica-
tion accuracy did not significantly differ between
evaluators (McNemar’s test, p = .61), and remov-
ing unusual characters from LM outputs had no
effect (p = 1.0). Although evaluators misclassified
human-written texts as LM-generated three times
more often than the reverse, this difference was not
statistically significant (p = .08). No other con-
ditions significantly affected evaluation outcomes
(see Appendix C.8).

6 Discussion

LLM-based NLI methods reliably detect L1 influ-
ence in L2LM outputs; equally, human evaluation

consistently distinguished LM-generated essays
from human L2 production, indicating that NLI
detectability should not be interpreted as a measure
of human-likeness.

GPT-4 (without explanation prompting) was se-
lected as our NLI tool, as GPT-5 and/or prompting
for explanation offered no advantage. NLI success-
fully detected L1 influence across all proficiency
levels once text length was held constant.

In L2LM-generated text, L1 influence was ab-
sent in base model outputs and in generic (English-
only or English and L1) instruction-tuning condi-
tions. As we did not find evidence of catastrophic
forgetting, these results indicate that L1 exposure
alone is insufficient to produce detectable L1 influ-
ence in L2LM output. L1 influence emerged only
in essays generated by LMs that were instruction-
tuned on L1-specific L2 English datasets. Notably,
these instruction-tuning datasets were only a third
of the size of the other instruction-tuning datasets,
suggesting that instruction-tuning dataset speci-
ficity, rather than quantity, drove L1 influence.

Within L2 English IT, L1 influence was consis-
tently detected across model checkpoints, show-
ing that the quantity of L2 pretraining data had no
effect on L1 influence. Additionally, prompting
conditions did not affect NLI accuracy: L1 influ-
ence was present both with and without explicit L1
elicitation.

NLI accuracy was comparable for human-
written and LM-generated essays from the L2
English instruction-tuning condition. For these
L2LMs, NER normalisation reduced NLI accuracy,
yet performance remained above chance, highlight-
ing that L1 influence went beyond superficial cues.
Notably, the adverse effect of NER normalisation
on NLI performance was not observed for human-
written essays. Moreover, human evaluation clearly
distinguished LM-generated from human-written
essays.

Additionally, Chinese was overpredicted as the
L1 across all LM outputs, but this bias was absent
from human essays, suggesting that it stems from
pretraining data artefacts rather than limitations of
the NLI method. Overall, whilst using NLI as a
metric suggests that L1 influence in human and
LM essays may be comparable, further analyses
reveal that L2LM production remains distinctly
non-human-like.
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7 Conclusion

Our findings show that L2LMs produce L1 influ-
ence only when instruction-tuned on L1-specific L2
English. However, as this L1 influence did not re-
semble human L2 production, NLI detectability ul-
timately should not be used as a measure of human-
likeness. Overall, L2LM outputs remain distinctly
non-human-like, limiting their use as proxies for
human L2 learners.

Limitations and Future Directions

NLI accurately detected L1 influence in L2LM-
generated essays; however, its precise nature re-
mains unclear. Future work should aim to elucidate
the properties of these L1 effects, perhaps by in-
corporating linguistically motivated fine-grained
analyses. Additionally, Chinese false positives in
NLI were prevalent across all L2LM essays regard-
less of instruction-tuning condition. We hypothe-
sise that more rigorous pretraining data cleaning
may mitigate this overprediction bias. Furthermore,
although the combination of L1-specific pretrain-
ing and instruction tuning produced detectable L1
influence, pretraining alone was insufficient. It re-
mains unclear whether instruction tuning alone, or
its combination with pretraining, was responsible
for eliciting L1 influence. Finally, we limited our
L2 analysis to English. Extending this work to
other, less data-rich L2s could prove insightful in
future research.
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A Methodology

A.1 L2LM Training

Training Hyperparameters Training hyperparameters are detailed in Table 6.

Parameter Value / Notes

Tokenization

Tokenizer type Byte-Level BPE
Vocabulary size 50,000
Training corpus L1 (CulturaX) + EN FineWeb-Edu datasets

Model Architecture

Model type GPT2LMHeadModel
Sequence length 512
Embedding dimension 896
Number of layers 24
Number of attention heads 14
BOS / EOS / PAD IDs 0 / 1 / 2

Training

Batch size 16
Gradient accumulation 8 (effective batch size = 128)
Optimizer AdamW (betas=(0.9,0.95), weight decay=0.1)
Learning rate 2e-4 (linear warmup + cosine decay)
Total training tokens 5B
Mixed precision bfloat16 (CUDA autocast)
Gradient clipping 1.0 (norm)
GPUs / Distributed Supports DDP, auto-detect rank/local rank
Checkpoint frequency Curriculum-based (end of phase 1 + phase 2 L2 exposure stages: 25%, 50%, 75%, 100%)

Table 6: Hyperparameters for tokenization and model pretraining

Pretraining Each L2LM is pretrained on 8 NVIDIA A100-SXM4 GPUs (80GB of HBM2e memory
per GPU), taking approximately 5 hours per model (Table 7). Preprocessing (data streaming and pre-
tokenization) are CPU-bound, taking approximately 2 hours per model on a single node with 128 CPU
threads.

Phase Tokens (B) Pretokenization (h) Training Time (h) Compute (GPU⋅h) per model
L1 dataset preprocessing 3.33 ≈ 0.5 – 4 (8 GPUs × 0.5h)
EN dataset preprocessing 1.67 ≈ 0.25 − 0.3 – 2.4 (8 GPUs × 0.3h)
Phase 1 training 2.5 – 2.5 20(8 GPUs × 2.5 h)
Phase 2 training 2.5 – 2.5 20(8 GPUs × 2.5 h)

Table 7: L2LM pretraining time per model.

Checkpoint L1 L2 Total

Beginner (25%) 2.71B 0.42B 3.13B
Intermediate (50%) 2.92B 0.84B 3.75B
Advanced (75%) 3.13B 1.25B 4.38B

Table 8: Number of L1 and L2 tokens seen at each pretraining checkpoint.

A.2 Instruction Tuning

English-only dataset We used the Alpaca English dataset (Taori et al., 2023). It was filtered to remove
any rows with an additional input (i.e., not just QA). After cleaning the dataset (e.g., removing empty
rows), the dataset contained a total of 31,311 QA pairs.
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English + L1 datasets We used the following Alpaca datasets for Spanish (BERTIN Project, 2023),
French (Pacifico, 2024), German (Chen et al., 2024), Polish (Emplocity, 2023), Turkish (TFLai, 2023),
Arabic (Chouikhi et al., 2024), and Chinese (Silk Road Project, 2023). After cleaning the datasets (e.g.,
removing non-text entries), we randomly selected 15,661 examples from each of the English and L1
datasets, yielding 31,322 examples in total. The datasets were normalised to ensure compatibility across
different scripts.

Human L2 English instruction-tuning datasets These datasets were created by compiling essays from
the W&I (Nicholls et al., 2024) and EFCAMDAT corpora (Geertzen et al., 2013). We included 10,000
QA pairs for all L1s except Polish (n = 370) and Turkish (n = 4,847) due to limited corpus data. All
available essays from the W&I corpus were used, which is significantly smaller than the EFCAMDAT
corpus. The EFCAMDAT contains relatively few C-level essays; all of these were included for each L1,
with the remaining essays split evenly between A- and B-level according to corpus availability. This is
illustrated in Figure 5.

Figure 5: Proportion of essays in the L2 English instruction-tuning dataset from each corpus (W&I and EFCAMDAT)
and proficiency level (A, B, C).

A.3 Prompt engineering

Text-generation prompting Text was generated using sampling (temperature = 0.7, top-p = 0.9) with a
repetition penalty of 1.2 and blocked 4-grams. Outputs were constrained to 250-300 tokens (≈800-1,200
characters).

Prompt design Prompt design followed guidelines for low-proficiency learners (Weigle, 2010) to ensure
accessibility across all three proficiency levels. The prompts given to L2 learners and LMs (with example
L1 Spanish) are shown in Figure 6.
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(a) Hobbies. (b) Family. (c) Holiday.

Figure 6: The nine generation prompts.

A.4 Evaluation

Named Entity Recognition The following named entities were considered to potentially encode L1-
identifying information: location (LOC), Geopolitical Entity (GPE), PERSON and LANGUAGE. They
were replaced with following entities thought to be English-related and thus L1-neutral: England (LOC),
London (GPE), Alex (PERSON) and English (LANGUAGE).

Manual edits for human evaluation For the human evaluation, one evaluator was given L2LM essays
after editing to remove generation artefacts. We adopted a conservative approach, retaining all full
sentences regardless of semantic content or fluency. We removed only formatting abnormalities including
links, symbols, bracketed text and repetition of single words.

Figure 7: Generation from a Spanish beginner model instruction tuned on Alpaca English answering the mixed
prompt with family topic before and after editing.
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B Results: RQ1 additional materials

For the NLI classification task, we used the following system and user prompts (Figure 8):

Figure 8: System and user prompts for NLI.

B.1 Experiment 1

Differences in NLI accuracy across the five runs were not significant for any model condition (Table 9a),
indicating that performance was consistent and reproducible. Accuracy did not differ significantly across
L1s for any model condition (Table 9b).

Q(4) p

GPT-4 explanation 6.40 .17
GPT-4 no explanation 2.11 .72
GPT-5 explanation 4.25 .37
GPT-5 no explanation 1.56 .82

(a) Cochran’s Q tests across five iterations for each model
condition.

χ
2(6) p

GPT-4 explanation 10.40 .11
GPT-4 no explanation 8.85 .18
GPT-5 explanation 4.98 .55
GPT-5 no explanation 5.58 .47

(b) Kruskal-Wallis rank sum test results for model accuracy
across L1s.

Table 9: Statistical test results for NLI model accuracy.

Confusion matrices of the NLI predictions for each model condition on the W&I subset (21 essays per
L1) are shown in Figure 9.
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(a) GPT-4 (explanation). (b) GPT-4 (no explanation). (c) GPT-5 (explanation). (d) GPT-5 (no explanation).

Figure 9: Confusion matrices for all model conditions.

Figure 10: Examples of hallucinations/inaccuracies generated by GPT-4 in the explanation-prompting condition.

B.2 Experiment 2

Original W&I subset Figure 11 and Table 10 show that NLI classification outcomes (correct vs.
incorrect) are significantly affected by essay length (in characters) across all four model conditions.
Correctly classified essays are significantly longer than incorrectly classified essays. As shown in Table
11, NLI accuracy on A-level essays is significantly lower than for C-level essays across all four model
conditions.
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(b) GPT-4 (no explanation).
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(c) GPT-5 (explanation).
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(d) GPT-5 (no explanation).

Figure 11: Boxplots of text length by classification accuracy (averaged over five runs). Texts with mean accuracy <1
are classified as 0; mean accuracy = 1 are classified as 1.

Model condition Incorrect mean Correct mean t(df) p

GPT-4 (explanation) 551.7 955.3 -4.23(40) <.001
GPT-4 (no explanation) 591.9 965.2 -4.1(53) <.001
GPT-5 (explanation) 535.2 988.9 -5.1(57) <.001
GPT-5 (no explanation) 562.4 980.7 -4.5(54) <.001

Table 10: Classification outcome (accuracy averaged over five runs) by mean text length (characters); instances with
mean accuracy = 1 are labelled as correct, otherwise incorrect. Statistics are from Welch two-sample t-tests.
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Model condition Comparison (Direction) W p

GPT-4 (explanation) A vs B (A < B) 1038 .39
GPT-4 (explanation) A vs C (A < C) 834 <.001
GPT-4 (explanation) B vs C (B < C) 1004 <.05
GPT-4 (no explanation) A vs B (A < B) 977 .14
GPT-4 (no explanation) A vs C (A < C) 847 <.01
GPT-4 (no explanation) B vs C (B < C) 1080 .44
GPT-5 (explanation) A vs B (A < B) 818 <.01
GPT-5 (explanation) A vs C (A < C) 740 <.001
GPT-5 (explanation) B vs C (B < C) 1106 .72
GPT-5 (no explanation) A vs B (A < B) 796 <.001
GPT-5 (no explanation) A vs C (A < C) 785 <.001
GPT-5 (no explanation) B vs C (B < C) 1196 1.0

Table 11: Post-hoc Bonferroni-corrected pairwise Wilcoxon tests by model condition on non-truncated essays.

Truncated W&I subset A Friedman test found that there was no significant difference in accuracy
between conditions, χ2(3) = 1.08, p = .78. As summarised in Table 12, NLI accuracy did not differ
significantly between model conditions for each proficiency level, nor between proficiency level within
each model condition.

Overall A B C

GPT-4 explanation 67 67 69 65
GPT-4 no explanation 67 64 70 67
GPT-5 explanation 65.6 55 70 72
GPT-5 no explanation 66 54 70 74

(a) NLI accuracy (%) by model and proficiency
(truncated essays).

χ
2(2) p

GPT-4 explanation 0.09 .96
GPT-4 no explanation 0.45 .80
GPT-5 explanation 3.70 .16
GPT-5 no explanation 5.25 .07

(b) Kruskal–Wallis tests across pro-
ficiency (A/B/C).

χ
2(3) p

A proficiency 6.21 .10
B proficiency 0.27 .97
C proficiency 2.26 .52

(c) Friedman tests across models
within each proficiency.

Table 12: Summary of NLI results for truncated essays.

B.3 Novel L2 learner dataset

Participants were asked to self-report their proficiency using the CEFR scale; guidelines to proficiency
levels (both in English and the L1) were provided as a reference. Participants were compensated at a rate
equivalent to the U.K.’s ‘real living wage’ set by the Living Wage Foundation5.

Each participant responded to three prompts, each with a distinct style and topic. Due to technical issues,
31 participants were unable to respond to all three prompts; we included the responses that were available.
One participant’s responses were excluded due to non-compliance with the task, as they consisted of only
a few sentences and excessive punctuation to meet the minimum character limit.

Essays were manually screened for signs of generative AI usage; however, no essays were excluded on
this basis.

The dataset comprises 466 essays with a mean length of 906 (SD = 109) characters. A per-L1 breakdown
of our dataset is provided in Table 13.

5At a non-London rate of £13.45 at the time of collecting data in 2026; https://www.livingwage.org.uk/
what-real-living-wage
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L1 no. essays no. participants

Spanish 68 25
French 58 20
German 64 22
Polish 69 28

Turkish 52 18
Arabic 93 40

Chinese 62 21

Table 13: Composition of our L2 learner English dataset.

A GLMM was fitted with L1, proficiency, prompt style, prompt topic, and NER condition as fixed
effects, and user ID as a random intercept. Model summary is provided in Table 14. Whilst accuracy for
L1 Turkish and Arabic essays was significantly different from the intercept, a binomial test confirmed that
these essays were classified significantly above chance. There was no significant effect of prompt style
or topic. NER normalisation did not affect NLI accuracy (see Figure 12). Crucially, proficiency had no
significant effect on NLI accuracy.

Term Estimate Std. Error z value p

(Intercept) 5.15 1.04 4.96 <.001
L1: French -1.72 1.05 -1.64 .10
L1: German 1.01 1.20 0.84 .40
L1: Polish -0.41 1.02 -0.40 .69
L1: Turkish -3.12 1.07 -2.92 <.01
L1: Arabic -3.99 0.96 -4.14 <.001
L1: Chinese -0.21 1.08 -0.20 .84
NER 0.06 0.24 0.24 .81
Proficiency: Intermediate -0.09 0.69 -0.13 .89
Proficiency: Advanced -1.16 0.70 -1.67 .09
Style: L2T 0.44 0.31 1.42 .16
Style: Mixed 0.09 0.30 0.30 .77
Topic: Hobbies -0.33 0.30 -1.11 .27
Topic: Holiday 0.09 0.31 0.30 .76

Table 14: Model summary for NLI accuracy on the L2 learner dataset. The intercept is set to Spanish, basic prompt
style, family topic, beginner proficiency, no NER.

(a) Original (b) NER-normalised

Figure 12: Confusion matrices for NLI accuracy on our novel L2 dataset: original and NER-normalised essays.
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C Results: RQ2 results additional materials

C.1 BLiMP and MultiBLiMP

(a) BLiMP results (b) MultiBLiMP results

Figure 13: BLiMP and MultiBLiMP accuracy for the seven base models.

Training stage BLiMP MultiBLiMP
Phase 1 .85 .42

Beginner .86 .42
Intermediate .95 .42

Advanced .76 .42
Fluent .73 .42

Table 15: Kruskal-Wallis test of whether L1 was a significant predictor of BLiMP and MultiBLiMP accuracy.
p-values are reported.

C.2 Comparing instruction-tuning conditions

Term Estimate Std. Error z value p

(Intercept) -2.92 0.48 -6.07 <.001
L1: French -0.38 0.31 -1.21 .23
L1: German -0.22 0.31 -0.70 .49
L1: Polish -3.15 0.41 -7.73 <.001
L1: Turkish -1.63 0.35 -4.66 <.001
L1: Arabic -1.70 0.34 -4.93 <.001
L1: Chinese 5.25 0.44 11.81 <.001
IT: English-only -0.16 0.52 -0.31 .76
IT: English + L1 0.52 0.48 1.08 .28
IT: L2 English 6.75 0.51 13.33 <.001
NER 0.03 0.26 0.13 .90
Proficiency: Intermediate -0.04 0.24 -0.17 .86
Proficiency: Advanced 0.12 0.23 0.51 .61
Style: L2T 0.10 0.48 0.22 .83
Style: Mixed 2.75 0.43 6.43 <.001
Topic: Hobbies 0.64 0.31 2.04 <.05
Topic: Holiday 0.69 0.31 2.19 <.05
IT: English-only * NER 0.04 0.38 0.12 .91
IT: English + L1 * NER -0.12 0.35 -0.34 .73
IT: L2 English * NER -3.37 0.40 -8.35 <.001
Style: L2T * Topic: Hobbies 0.25 0.41 0.60 .55
Style: L2T * Topic: Holiday -0.09 0.41 -0.22 .83
Style: Mixed * Topic: Hobbies -1.03 0.39 -2.62 <.01
Style: Mixed * Topic: Holiday -0.58 0.39 -1.50 .13
IT: English-only * Style: L2T 1.34 0.56 2.41 <.05
IT: English-only * Style: Mixed -1.22 0.53 -2.33 <.05
IT: English + L1 * Style: L2T 0.69 0.52 1.31 .19
IT: English + L1 * Style: Mixed -0.70 0.47 -1.48 .14
IT: L2 English * Style: L2T -0.08 0.49 -0.16 .87
IT: L2 English * Style: Mixed -2.22 0.44 -5.00 <.001

Table 16: Model summary for NLI accuracy across instruction-tuning conditions. The intercept is set to Spanish L1,
base model, basic prompt style, family prompt topic, beginner proficiency, and original essay (no NER) condition.
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Figure 14: A comparison of the generated essays from French intermediate model with L2 English IT vs. base
model. This is the mixed-language prompt style and the family prompt topic.

C.3 Base model
378 essays were generated (54 per L1), with a mean length of 1,204 (SD = 316) characters. Mixed-
language prompt style significantly improved NLI accuracy (see Table 17). This was robust even when
Chinese as L1 was removed (i.e., the effect was not driven by Chinese false positives). NLI accuracy on
mixed-language prompted essays was significantly above chance (p < .001); whilst this could be taken
as an indication of the production of L1-influenced L2 English, a manual inspection of the 47 correctly
predicted essays concluded that 24 of these (51%) were written at least partly in the L1, and 16 were
written mostly or fully in the L1.

Term Estimate Std. Error z value p

(Intercept) -2.81 0.56 -5.06 <.001
L1: French 0.59 0.55 1.07 .28
L1: German 0.31 0.56 0.56 .58
L1: Polish -1.64 0.84 -1.94 .05
L1: Turkish -2.37 1.10 -2.15 <.05
L1: Arabic -0.18 0.60 -0.30 .77
L1: Chinese 4.71 0.67 7.01 <.001
Style: L2T -0.00 0.53 0.00 1.0
Style: Mixed 2.10 0.47 4.47 <.001

Table 17: Model summary for NLI accuracy on the original base model texts. The fixed effects are L1 and prompt
style. The intercept is set to Spanish L1 and basic prompt style.

In contrast, none of the 16 correctly predicted L1-Chinese essays contained Chinese words or characters,
suggesting that NLI may rely on subtle cues or be influenced by an overprediction bias; further investigation
is needed to determine the underlying reason. Excluding these L1-Chinese essays, 24/31 (77.4%) essays
were written at least partly in the L1. Ultimately, NLI accuracy alone cannot be taken as an indicator of
L1-influenced L2 text, and must be verified with manual inspection of the essays.

C.4 English-only instruction-tuning
A total of 378 essays (54 per L1) were generated with a mean length of 1,121 (SD = 197) characters.
Overall NLI accuracy was 21.69% (95%CI[17.64, 26.19]). Although overall accuracy was significantly
above chance (p < .001), this result was largely driven by perfect recall (1.0) for Chinese essays. As
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shown in Figure 15, this appears to reflect a strong overprediction bias towards Chinese, with low precision
(0.16) due to a high number of false positives. Indeed, per-L1 accuracy was not above chance for any L1s
other than Chinese (Table 18).

L1 F1 P R p
Spanish 0.27 0.50 0.19 .24
French 0.20 1.0 0.11 .80
German 0.31 0.91 0.19 .24
Polish 0.36 1.0 0.02 1.0
Turkish 0.04 1.0 0.02 1.0
Arabic 0.00 0.00 0.00 1.0
Chinese 0.27 0.16 1.0 <.001

Table 18: Precision (P), Recall (R), and F1 scores per L1 background for the original (non-NER) essays from
English-only instruction tuning. p-values are from a one-tailed binomial test.

(a) Original essays. (b) NER-normalised es-
says.

Figure 15: Confusion matrices for NLI on essays generated with English-only instruction tuning: original vs.
NER-normalised essays.

C.5 English and L1 instruction-tuning

A total of 378 essays were generated (54 per L1) with a mean length of 1,169 (SD = 228) characters.
Overall NLI accuracy was 26.46% (95%CI[22.08, 31.21]). Although overall accuracy was significantly
above chance (p < .001), this result was largely driven by near-ceiling recall (0.94) for Chinese essays.

As shown in Figure 16, this appears to reflect a strong overprediction bias towards Chinese, with low
precision (0.16) due to a high number of false positives. Per-L1 accuracy (Table 19) was above chance for
Chinese and Spanish, and below chance for Arabic.

After NER normalisation (see Figure 16), NLI accuracy was significantly above chance for Chinese,
and significantly below chance for Polish. A manual inspection of the 13 correctly predicted L1-Spanish
essays revealed that six contained entire sentences in Spanish, with one essay fully written in Spanish.

L1 English + L1 (original) English + L1 (NER)

F1 P R p F1 P R p
Spanish 0.38 0.70 0.26 <.05 0.38 0.87 0.24 .05
French 0.39 1.0 0.24 .05 0.33 0.85 0.20 .24
German 0.36 0.72 0.24 .05 0.29 0.71 0.19 .34
Polish 0.11 1.0 0.06 .08 0.07 1.0 0.04 <.05
Turkish 0.14 0.80 0.07 .18 0.14 1.0 0.07 .18
Arabic 0.07 1.00 0.04 <.05 0.14 1.0 0.07 .18
Chinese 0.27 0.16 0.94 <.001 0.28 0.16 0.98 <.001

Table 19: Precision (P), Recall (R), and F1 scores per L1 background for English + L1 instruction tuning condition:
original and NER-normalised essays. p-values are from a two-sided binomial test.
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(a) Original essays. (b) NER-normalised es-
says.

Figure 16: Confusion matrices for NLI on essays generated with English and L1 instruction tuning: original vs.
NER-normalised essays.

C.6 L2 English instruction tuning

A total of 378 essays were generated (54 per L1) with a mean length of 1,013 ± 152 characters. To
determine the effects of prompt style and prompt topic, a GLM was fitted to NLI accuracy on the original
essays (i.e., without NER normalisation) in this instruction-tuning condition. The model included prompt
style and prompt topic as fixed effects, as well as their interactions. The model summary is in Table 20.
Large standard errors are present due to ceiling effects in the data. No effects were statistically significant.

Term Estimate Std. Error z value p

(Intercept) 2.00 0.48 4.20 <.001
Style: L2T 0.25 0.71 0.35 .73
Style: Mixed -0.55 0.62 -0.90 .37
Topic: hobbies -0.21 0.65 -0.32 .75
Topic: holiday 1.71 1.12 1.53 .13
Style: L2T * Topic: hobbies 17.52 1659.38 0.01 .99
Style: L2T * Topic: holiday 15.60 1659.38 0.01 .99
Style: Mixed * Topic: hobbies 1.01 0.92 1.10 .27
Style: Mixed * Topic: holiday 0.55 1.56 0.36 .72

Table 20: Model summary: L2 English IT condition, original version of essays. The intercept is set to basic prompt
style and family prompt topic.

NER-normalised essays were classified significantly less accurately than the original ones for all L1s
except Spanish. McNemar’s test was used when possible. For L1s where original accuracy was 100%
(Arabic and Chinese), a binomial test on the discordant pairs was used instead as McNemar’s test cannot
be computed (see Table 21).

L1 p-value

Spanish .13

French < .001

German < .001

Polish < .001

Turkish < .001

Arabic < .001

Chinese < .001

Note. Binomial test used for Arabic and Chinese where original essay accuracy = 100%.

Table 21: NLI accuracy on L2 English IT: original vs. NER-normalised essays.
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Figure 17: A comparison of the generated essays from Polish beginner, L2 English IT model condition: original vs.
NER-normalised essays. This is the L2T prompt style and the hobbies prompt topic.

C.7 Human vs. LM

Term Estimate Std. Error z value p

(Intercept) 4.13 0.76 5.45 <.001
L1: French -1.54 0.79 -1.95 .051
L1: German 0.82 0.93 0.88 .38
L1: Polish -0.33 0.79 -0.42 .67
L1: Turkish -2.48 0.79 -3.12 <.01
L1: Arabic -3.25 0.72 -4.54 <.001
L1: Chinese -0.17 0.84 -0.20 .84
Animacy: LM 1.46 1.34 1.09 .28
NER 0.05 0.22 0.23 .82
Style: L2T 0.24 0.20 1.18 .24
Style: Mixed 0.04 0.20 0.22 .83
Topic: Hobbies -0.30 0.28 -1.07 .28
Topic: Holiday 0.06 0.28 0.21 .83
Proficiency: Intermediate 0.01 0.46 0.01 .99
Proficiency: Advanced -0.71 0.46 -1.55 .12
Animacy: LM * L1: French -0.40 1.71 -0.23 .82
Animacy: LM * L1: German -2.37 1.78 -1.33 .18
Animacy: LM * L1: Polish -5.33 1.74 -3.07 <.01
Animacy: LM * L1: Turkish 0.60 1.71 0.35 .72
Animacy: LM * L1: Arabic 0.28 1.67 0.17 .87
Animacy: LM * L1: Chinese 3.21 2.12 1.51 .13
Animacy: LM * NER -3.94 0.46 -8.66 <.001
Animacy: LM * Topic: Hobbies 0.89 0.40 2.24 <.05
Animacy: LM * Topic: Holiday 1.00 0.41 2.46 <.05

Table 22: Model summary. The intercept is set to human-written, Spanish L1, basic prompt style, family topic, and
original essays (no NER).

C.8 Human evaluation
Evaluators were three times more likely to misclassify human-written texts as LM-generated than vice
versa (Figure 18; however, a McNemar’s test indicated that this difference was not statistically significant
(p = .08). We tested the effects of essay L1, instruction-tuning condition, prompt style, prompt topic,
proficiency, and whether NLI prediction was correct; none of these variables significantly affected
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evaluation outcomes (Table 23).

Condition p

L1 .56

Data condition .13

Prompt Style 1.0

Prompt Topic .42

Proficiency .89

Correct NLI .19

Table 23: Fisher’s exact tests for significance in human evaluation.

Figure 18: Confusion matrix of binary human evaluation classifying essays as human-written or LM-generated.
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