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Abstract

While the semantic space has been examined
as a way to computationally represent language
meaning-grammar interface, minimal research
has been done comparing the semantic spaces
of first and second language learners. We inves-
tigated the semantic space of university-level
students learning French by extracting semantic
features from narrative text over various time
points from a 21-month period. After using ma-
chine learning models to classify native speak-
ers’ semantic features from second language
learners’, we used interpretability techniques
to identify the most informative features per
model. Through this, we discovered a variety
of embedding similarity features to be deci-
sive in language learning. We compared both
groups to determine how the features differed
per group and if there was any change over time.
The findings demonstrated that the second lan-
guage learners on average had higher semantic
similarity scores than the native speakers at the
token level. The similarity decreased over time
but did not reach native-level values. Similarly,
average surprisal was higher in the second lan-
guage learner group, which steadily decreased
over the course of the data collection period.
These results provide insight into personalized
education with more precise and effective com-
putational indices tracking learners’ progress.

1 Introduction

Distributional semantic models computationally
capture language meaning through indices such as
semantic similarity (Baroni and Lenci, 2010; Lenci
et al., 2022), and the resulting semantic space can
quantitatively and more precisely characterize and
inform learners’ interlanguage systems develop-
ment (Bexte et al., 2022; Cong, 2024). Through this
lens, this study aims to understand second language
(L2) learners’ language development by comparing
their semantic spaces with native speakers’ (L1).
Using machine learning models, we analyzed L2

learners’ semantic space features over time, uti-
lizing the French dataset from the Languages and
Social Networks Abroad Project (LANGSNAP)
(Mitchell et al., 2017), which contains data from
proficient French L2 learners over a 21-month pe-
riod, including time living abroad in France.
Semantic space measures vary from study to
study and have been widely used in many settings,
such as clinical populations (He et al., 2024b).
However, as far as our knowledge goes, there is
no systematic investigation about these measures
in the L2 population. Therefore, we used a compre-
hensive set of measures, focusing on implement-
ing semantic similarity-related measures, to better
understand L2 development trajectories. Our ap-
proach and findings might shed light on real-world
practical applications, such as native language iden-
tification, teaching materials design, and personal-
ized learning with these more precise and quantifi-
able measures provided by natural language pro-
cessing (Bexte et al., 2022; Chen and Pan, 2022).
We asked two questions: Which features are the
most important to determine native speakers from
L2 speakers according to predictive machine lan-
guage models? How do these features change over
time for L2 learners? To approach these questions,
we designed two experiments. After extracting 132
semantic space measures for each participant’s data,
we used predictive models to classify the semantic
space data as either L1 or L2, and we performed
SHapley Additive exPlanations (ShAP) analysis to
determine which of the features contributed most
to each model’s classification results. We then con-
ducted a time-based analysis on each of the top
identified features, observing how they changed
over time for the L2 learners on average. Both
models identified a largely non-overlapping set of
top contributing features. We found that overall
token-level semantic similarity for L2 learners was
higher than native speakers on average, and this
similarity decreased as the participants spent more
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time learning, growing closer to native speakers’
semantic similarity levels. However, we did not
notice a true converging point, where the average
L2 learner becomes indistinguishable from a native
speaker, in terms of these features.

2 Related Work

2.1 Semantic Space Modeling in Second
Language Acquisition

Semantic representations derived from distribu-
tional and neural language models provide a quan-
titative framework for modeling meaning in lan-
guage use. High-dimensional embeddings allow
semantic similarity, coherence, and dispersion to be
measured across words, sentences, and larger dis-
course units, offering insights into how speakers or-
ganize and navigate semantic space (Ke et al., 2025;
Goldstein et al., 2024). While these approaches
have been extensively applied to native-speaker lan-
guage and to clinical populations (Corcoran et al.,
2018; Bedi et al., 2015; He et al., 2024a,b), their
application to second language acquisition (SLA)
remains comparatively limited.

In SLA, semantic development is closely tied to
vocabulary growth, conceptual restructuring, and
increasing efficiency in mapping form to mean-
ing. Learner language is often characterized by
reduced semantic specificity, increased redundancy,
and less stable discourse coherence, particularly in
oral production. Embedding-based semantic mea-
sures provide a way to operationalize these proper-
ties beyond surface-level metrics, such as lexical
diversity or syntactic complexity, capturing how L2
learners structure meaning across linguistic scales
(Bexte et al., 2022; Cong, 2024, 2025b).

Recent work has begun to explore semantic sim-
ilarity and discourse-level coherence in learner lan-
guage, suggesting that embedding-based features
can distinguish proficiency levels and task con-
ditions. However, most studies adopt semantic
space measures originally developed and validated
on native-speaker data, without directly assessing
their behavior when applied to L2 learners. This
raises important questions about how such mea-
sures reflect second language development rather
than native-language distributions.

2.2 Cross-Linguistic Semantics and Learner
Language

A substantial body of work in computational lin-
guistics has investigated how semantic representa-

tions vary across languages and linguistic units
(Beinborn and Choenni, 2020; Chersoni et al.,
2019, 2021; Vuli¢ et al., 2020; Lewis et al., 2023).
These studies show that while semantic spaces of-
ten share global structural properties, local seman-
tic relationships are sensitive to lexicalization pat-
terns, typology, and model architecture. For L2
learners, this is particularly relevant, as their se-
mantic representations are shaped by interactions
between the target language and their first language
(LD).

Research on bilingual and cross-lingual embed-
dings further highlights how semantic spaces re-
flect both shared conceptual structure and language-
specific encoding (Gouws and Sggaard, 2015; Vi-
vas et al., 2020). In learner language, these interac-
tions may manifest as transfer effects, overgeneral-
ization, or reliance on high-frequency, semantically
broad lexical items (Cong, 2025a,b). Embedding-
based analyses provide a principled way to examine
these phenomena by quantifying similarity patterns
at the token, sentence, and discourse levels.

Importantly, semantic space analyses allow dis-
tinctions between local semantic behavior, such as
similarity between consecutive lexical items, and
more global discourse-level organization. These
distinctions align naturally with theories of L2 de-
velopment, which propose that learners acquire
lexical meanings earlier than they master discourse-
level coherence and information structuring.

2.3 Semantic Measures and Cognitive
Organization in L2 Development

Beyond descriptive modeling, semantic space mea-
sures have been linked to broader cognitive proper-
ties of language production. Prior work has used se-
mantic similarity, surprisal, and perplexity to char-
acterize differences in semantic organization across
populations and tasks (Silva et al., 2021; He et al.,
2024b; Palominos et al., 2024). Analyses of the
geometry of semantic space, such as dispersion
and clustering of sentence embeddings, have been
shown to reflect how speakers navigate meaning
over extended discourse.

Although much of this work has focused on neu-
rotypical versus neuroatypical populations, the un-
derlying methods are highly relevant to SLA. L2
development involves continuous reorganization of
semantic networks as learners gain exposure and
experience to the target language, particularly in
immersive contexts such as study abroad. Longitu-
dinal learner corpora therefore provide a valuable
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opportunity to examine how semantic space fea-
tures evolve over time and how they differentiate
native and non-native language use.

At the same time, prior work has highlighted that
semantic space features can exhibit substantial vari-
ability across samples and tasks, especially when
compared to more stable acoustic or prosodic fea-
tures (Cokal et al., 2025). For L2 learners, whose
linguistic systems are inherently dynamic, this vari-
ability indicates the need for careful feature selec-
tion and interpretation.

2.4 Current Work

Building on this line of research, the present study
applies a comprehensive set of semantic space mea-
sures, previously used in native-speaker and clini-
cal language analysis, to longitudinal L2 narrative
data. By focusing on content-controlled oral nar-
ratives from the LANGSNAP dataset, we aim to
evaluate whether semantic space features can reli-
ably distinguish L1 and L2 speech and to identify
which aspects of semantic organization are most
informative for this distinction. We predicted that
over time, measures should show L1-like patterns.
In particular, similarity indices should be higher
in L2 group than L1, due to more repetition, but
decrease over time; predictability indices should
be higher in L2 (more unpredictable) and decrease
over time due to improvement in content flow and
syntax. Results were mostly as predicted, with
some inconsistencies. Overall, our findings and
approach contribute to a growing effort to adapt
and validate computational semantic measures for
the study of second language development.

3 Dataset

The LANGSNAP corpus’s data was collected be-
tween 2011 and 2013 to observe L2 French de-
velopment over the course of 21 months, before,
during, and after a 9-month study or work abroad
(Mitchell et al., 2017). There were 39 total partici-
pants. Ten were native speakers, and the remaining
29 were L2 learners with English as their first or
dominant language. One participant who was iden-
tified as an English and French bilingual speaker
was determined to be an outlier and excluded from
our study. Out of the native speakers, three were
male, and seven were female. Out of the 28 L2
learners, 2 were male and 26 were female. All
participants were in their third year of a four-year
university program. The L2 learners were to spend

nine months abroad in France, either attending col-
lege, teaching English, or doing an internship. All
L2 participants had at least six years of experience
learning French, with most having been learning
for more (mean = 10.21 years, standard deviation
= 2.45 years).

The LANGSNAP team collected data from the
L2 participants at six time points: before the study
abroad, three times during the study abroad (each
about three months apart), and twice after the study
abroad. They had the L2 participants complete a
variety of tasks at each time point, including an
oral interview, a writing task, and a picture-based
narrative oral monologue.

For the purposes of our study, we chose to use
the narrative task, as this would be the best oral task
to control for content since the story was guided
with images. There were three topics: the cat story
(conducted during pretest and abroad visit 3), the
sisters story (conducted during abroad visit 1 and
post-test 1), and the brothers story (conducted dur-
ing abroad visit 2 and post-test 2).

4 Experiments

4.1 Preprocessing and Feature Extraction

Each participant’s utterances was extracted from
their narrative interview and concatenated into a
single paragraph. We passed this input to SpaCy’s
French model to segment it into sentences and to
tag the parts of speech. We were only interested
in the noun, adjective, and verb tokens to ensure
the semantic feature calculations were based on the
most meaningful tokens. Then we used three types
of models to extract the embeddings. FastText
was used for context-free, token-level embeddings;
Bidirectional Encoder Representations from Trans-
formers (BERT) was used for contextual, token-
level embeddings; Sentence-BERT (SBERT) was
used for contextual, sentence-level embeddings.
These models were pretrained on French data. For
perplexity and surprisal calculations, we used a gen-
erative text model, Mistral, as well as the Next Sen-
tence Prediction (NSP) capability of BERT to cal-
culate an additional surprisal metric. The BERT !,
SBERT 2, and Mistral 3 models we used are hosted
on Huggingface, as part of the transformers li-
brary (Wolf et al., 2019).

We built our measurements on validated works

1dbmdz/bert—base—french—europeana—cased

2dangvantuan/sentence-camembert—base
Smistralai/Mistral-7B-Instruct-vo.1
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(He et al., 2024a,b; Cokal et al., 2025; Palominos
et al., 2024), focusing on semantic similarity mea-
sures, and we grouped these measures into three cat-
egories: statistical descriptors, dynamic descriptors,
and graph measures. We also extracted probabilis-
tic metrics, including perplexity and surprisal. In
addition to calculating similarity of adjacent units,
we also calculated the similarity of the units in ref-
erence to their static and cumulative centroids (Xu
et al., 2021). The static centroid is the unchanging
averaged embedding, capturing the overall text’s
topic, while the cumulative centroid incorporates
the previous embeddings and captures the change
in topic over time. As such, we calculated 132
measures in total per entry.

4.1.1 Feature Definitions

Statistical Descriptors The mean cosine simi-
larity (MeanK)) between a linguistic unit and the
next unit located at an inter-word distance of k
(Corcoran et al., 2018) is referred to as the k-order
similarity. First-order (K1) similarity represents
the average similarity between each embedding
and its immediate successor, whereas second-order
(K2) similarity represents the average similarity
between each embedding and the embedding that
follows it with exactly one intervening unit. We
also computed the global-level mean similarity by
taking the average cosine similarity between all
unit pairs. Other statistical measures, like maxi-
mum and minimum, amplitude, variance, skewness,
and excess kurtosis (tailedness in comparison to
normal distribution), were computed to present a
more comprehensive picture of the distribution of
similarities.

Dynamic Descriptors These features were used
to observe how semantic similarity behaves over
time. We calculated mean crossing rate (MCR) as
the number of times the semantic similarity crosses
the mean value. Slope sign changes (SSC) mea-
sures how often the similarity time series changes
signs (see Equation 1, where I is the indicator func-
tion). Wave length (WL) is defined as the aver-
age absolute change between successive semantic
similarity scores (see Equation 2). Approximate
entropy (ApEn) as defined in Pincus (1991) was
used to represent the regularity of semantic simi-
larity patterns in the time series (see Equation 3),
computed via the antropy Python package. The
autocorrelation function (ACF; see Equation 4), the
correlation of a lagged similarity series with itself,

was also calculated, along with its zero crossing
rate (AcfZcr).

N-1
1
SSC= Z [[(2; — x5-1) (2 — 2i41) > 0]
(D
L Nl
WL = N_1 ; |Tiy1 — 2] 2

ApEn(m,r) = ®™(r) — " (r)  (3)

SV @i — 2) (w1 — 7)

S (@i — )2

Graph Measures These measures are extracted
from the graph that is created when considering
embeddings as points in space. Each embedding is
anode, and an edge is created between two nodes
if their cosine similarity is greater than the thresh-
old value (in our case, 0.8). Closeness centrality
quantifies a node’s efficiency in spreading infor-
mation by calculating the reciprocal of the aver-
age shortest path distance between it and all other
reachable nodes in the network; this value was
averaged across the entire network. The cluster-
ing coefficient, which was also averaged, refers
to the fraction of a node’s neighbors that are also
connected to one another. This metric reflects the
strength of semantic associations since words with
deeper meaning-based links are more likely to form
interconnected clusters (He et al., 2024a).

ACF =

“

Probabilistic Measures Perplexity refers to a
model’s uncertainty about its predictions (Jurafsky
and Martin, 2025) while surprisal measures the
unexpectedness of a data point, given the previous
inputs (Hale, 2001). Both of these measures were
averaged over the whole input.

4.2 Experiment 1: L1 vs. L2 Classification
and Feature Importance

4.2.1 Classification

We decided to use two different types of models
to see how they performed in comparison to each
other: support vector classifier (SVC) and decision
tree classifier (DTC). Our machine learning mod-
els selection strategies were inspired by Cawley
and Talbot (2010). Each model would determine
whether the sample was L2 (i.e. positive class)
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or not (i.e. L1, negative class). We used a 70%
training and 30% testing split.

After running the classifiers once, it became ap-
parent that the imbalanced dataset was causing
overfitting issues. As mentioned earlier, there were
28 participants for the L2 class, but only 10 for
the L1 class. To combat this, we looked into a
variety of methods to balance the dataset. One
method was upweighting the minority class using
the class_weight="balanced' hyperparameter.
We also tried using synthetic sample generation
techniques, like Synthetic Minority Over-sampling
Technique (SMOTE) (Chawla et al., 2002), to up-
sample, but these results were only marginally bet-
ter, and it was difficult to verify the accuracy of the
generated data. Therefore, we decided to continue
with just using the class_weight hyperparameter.

Before moving onto the feature importance step,
we decided to reduce the number of features to both
make the final results more interpretable but also
to reduce possible redundancy in the data. To do
so, we first calculated the Variance Inflation Fac-
tor (VIF) of each feature to detect multicollinear-
ity (Thompson et al., 2017). The resulting values
were significantly larger than expected, so instead
of using solely VIF, we used those values in tan-
gent with the correlation coefficients of each pair of
features. For each highly correlated pair (i.e. coeffi-
cient > 0.8), we dropped the feature with the higher
VIF. This led us to dropping 41 of the features,
leaving us with 91 features.* With this reduced
dataset, DTC performance improved, suggesting
the extra data was acting as clutter to this model
rather than being helpful. On the other hand, SVC
performance worsened.

We did also do further hyperparameter tuning on
the full feature dataset, using five-fold cross vali-
dation with the roc_auc scoring method. Running
the cross validation on the SVC model was very
slow, meaning we were unable to use the more ex-
haustive grid search and opted to use randomized
search instead. For DTC, we were able to use grid
search to find the optimized set of hyperparame-
ters, though the values that the grid search found
did not end up producing results that were better
than the previous configuration with the reduced
feature dataset, so we proceeded with our manually
selected hyperparameters.’

*This feature list can be found in Appendix A.

>We provide the main classification pipeline script with
model hyperparameters in this GitHub repository: https:
//github.com/trishagodara/l2-semantic-space

4.2.2 Feature Importance

With our selection of 91 features, we were able
to move to SHAP analysis for both the SVC and
DTC models. SHAP analysis, a machine learn-
ing model interpretability method, was originally
adapted from the game theory idea of Shapley val-
ues (Ponce-Bobadilla et al., 2024). These values
indicate how much a feature contributed to the
model’s prediction.

The DTC model only had six features that con-
tributed, so to balance the total set of features we
were looking at between both models, we took only
the top six SHAP-identified features of the SVC
model as well. To determine whether the differ-
ences between the L1 and L2 data were significant,
we ran ANOVA tests on the total top 12 features,
resulting in a total of 6 significant features.

4.3 Experiment 2: Time-Based Analysis

This second experiment built off of the first one,
using the six significant features found in the last
step. We wanted to compare both the overall av-
erage differences between the two groups, L1 and
L2, and the progression of L2 learners for each
feature. For the overall averages, we simply took
the average of all the native speakers’ data for that
feature and the average of all the L2 learners across
all the time points to compare the two.

For the time-based comparison, we used the six
timepoints used by the LANGSNAP team as our
points of reference. For each feature, we took all
the L2 learners’ data and averaged it at each time
point and plotted it on a line graph. To compare the
trajectory with the native speakers’ we plotted the
L1 averaged data at the six timepoints as well. The
L1 data was not collected over the same period of
time as the L2 data, so instead we aligned the L1
data with the L2 data points by narrative content
to ensure valid comparisons. As noted previously,
there were three total narrative topics, which were
repeated for the second half of the L2 learners’ time,
giving us six tasks’ data to work with. On the other
hand, L1 speakers were given the three narrative
tasks as well, but the tasks were conducted only
once each, so we matched by content: the pretest
and abroad 3 timepoints equated to the cat story,
abroad 1 and post-test 1 to the sisters story, and
abroad 2 and post-test 2 to the brothers story.
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Positive Class (L2)

SvC | DTC
Precision 094 | 0.98
Recall 0.65 | 0.92
F1-Score 0.77 | 0.92
Negative Class (L1)

SvC | DTC
Precision 0.22 | 0.60
Recall 0.71 | 0.86
F1-Score 0.33 | 0.71

Table 1: Classification report for both models - positive
testing class size: 52, negative testing class size: 7

5 Results

5.1 Model Performance

Between the support vector classifier and the deci-
sion tree classifier, the decision tree model was bet-
ter at classifying the difference between L1 and L2.
Here we will discuss the final results, which were
found using the reduced feature dataset with each
model’s best-performing hyperparameters. SVC’s
overall accuracy was 66% with an area under curve
(AUC) of 0.72. DTC’s overall accuracy was 92%
with an AUC of 0.89. The final classification report
is available in Table 1.

5.2 Top SHAP Features

Figures 1 and 2 show the ranked feature impor-
tance for each model. As mentioned earlier, six
features from the SVC model and six features from
the DTC model were considered when compiling
the list of top contributing features, out of which
six total ended up being significant. These features
are as follows: average surprisal, sentence-level
skewness (from SBERT, in relation to the static
centroid), meanK1 (from BERT embeddings), av-
erage clustering coefficient (from BERT), mean
crossing rate (from BERT, in relation to cumulative
centroid), and variance (from fastText, in relation
to static centroid).

5.3 Time-Based Analysis

We looked into the specifics of each of the signif-
icant features, comparing the L2 data points with
the L1 data points and also observing the trajectory
of the feature values over time for the L2 learn-
ers. Our findings are summarized in Table 2. The
graphs for each feature can be found in Appendix B,
and some example narrative excerpts are provided
in Appendix C for comparison.

AVG PPL +0.28
AVG SURP
Sent_cuml_Kurt
Sent_cuml_Skew
Sent_stat_Skew
FT_cuml_Skew
Sent_stat_Kurt
FT_Skew
BERT_stat_Kurt

Sum of 82 other features

0.00 0.05 0.10 0.15 0.20 0.25 0.30
mean(|SHAP value|)

Figure 1: SVC’s SHAP values per feature, ranked. No-
tation: PPL = perplexity, SURP = surprisal, Sent = from
SBERT embeddings, cuml = cumulative centroid, stat =
static centroid, Kurt = excess kurtosis, FT = fastText

BERT_MeanK1 +0.15
BERT_Cluster
BERT_cumI_MCR
FT_stat_Var
Sent_Skew

BERT_stat_WL

Sum of 85 other features |+0

000 0.02 004 0.06 008 010 012 0.14 0.16
mean(|SHAP value|)

Figure 2: DTC’s SHAP values per feature, ranked. (Al-
though the plot shows them as “+0,” the BERT static
WL’s SHAP value is 0.005, and sentence skewness’s
SHAP value is 0.0045). Notation: Cluster = cluster-
ing coefficient, cuml = cumulative centroid, FT = fast-
Text, stat = static centroid, Var = variance, Sent = from
SBERT embeddings, WL = wave length

Considering the relatedness of some of the fea-
tures, we created broad categories to encompass
the six measures of interest in a way that similar
findings were grouped together (Table 2). Surprisal
is in a category of its own, as the sole predictability-
related feature. Vocabulary includes variance and
mean while content flow includes mean crossing
rate and sentence-level skewness. Semantic struc-
ture includes the average clustering coefficients.

6 Discussion

While the first experiment informed the identifica-
tion of the features that would be used in the second
experiment, the interpretation of those features only
became apparent in the second experiment with the
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Category Meaning Group Prediction | As Time Prediction As
Pre- Pre-
dicted? dicted?

Surprisal Describes how un- | L2 values would be | Yes Values would de- | Yes

expected the input | greater than L1 val- crease over time
is; irregular speech | ues
will result in larger
values
Vocabulary Describes repetitive | L2 values would be | Yes Values would de- | No*
usage of (limited) | greater than L1 val- crease over time
vocabulary (higher | ues
semantic similarity)
Content Describes how on- | L2 values would be | Yes Values would in- | Yes
Flow topic, logically rel- | less than L1 values crease over time
evant the input is
Semantic Describes strength | L2 values would be | No Values would in- | No
Structure of semantic connec- | less than L1 values crease over time
tions

Table 2: Overview of variables design, predictions, and results. Notation: *: overall there was no downward trend
but when comparing each content-matched pair, there was a decrease.

comparisons between the two groups. Therefore,
we found the time-based analysis more insightful in
terms of understanding L2 learners’ development
trajectory.

Surprisal As previous studies have also found
(Cong, 2025a), non-native speakers’ speech re-
sulted in higher surprisal scores overall. This may
be an indication that the non-native speakers did
not have the same grasp over syntactic structure as
the native speakers did, resulting in a higher unpre-
dictability rating from the large language model.
We did notice a steady decrease in the average
L2 surprisal as time went on, with the post-test
2 data point almost reaching the L1 level. This
suggests that the L2 learners’ speech patterns, on
average, gradually began to evolve into a more na-
tive speaker-like pattern the more time passed.

Vocabulary This category contains the statisti-
cal semantic similarity-related features at token
level. Since semantic similarity often corresponds
to words having similar meanings (Kolb, 2009),
we interpreted this group to represent speakers’ vo-
cabulary: a diverse vocabulary would have lower
similarity scores at the token level, while a more
limited vocabulary would have higher values due
to repeated or similar words.

In regards to mean semantic similarity, the L2
group exhibited higher scores on average than the

L1 group. Previous studies have shown similar re-
sults where L2 learners typically produce speech
with higher inter-word mean similarity (Cong,
2024). Looking at the variance of the two groups,
we found all the values to be rather small (values
between 0 and 0.014). The L2 average variances
were greater than the L1 averages, suggesting that
there was a larger spread in similarity scores across
the board for the L2 learners. This could possibly
be related to the variability in vocabulary levels
between learners, but there may be other interpre-
tations for this metric, especially considering how
close to 0 all the values were. We leave systematic
investigation of alternative factors and explanations
for future research. Future study could implement
the proposed pipeline to a larger datasets, validat-
ing the role of vocabulary.

Conceptually, we predicted a decrease of this
similarity over time, as the L2 learners grew more
proficient. However, this is not exactly what we
observed. We speculate that this category is more
related to the content itself rather than time-based
proficiency because overall there was no consistent
downward trend, like we saw with the surprisal
scores. When comparing each content-matched
timepoint, however, the second time the L2 learn-
ers were presented with the same topic they had
done months ago, their values decreased somewhat,
moving in the direction of the L1 group’s value for
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that topic.

Content Flow While skewness could have been
relevant in the vocabulary category as well, con-
sidering it was reflecting the similarity distribution
at the sentence level, and specifically in compari-
son to the static centroid, we thought it would be
more appropriate in this section where we are dis-
cussing the overall content flow — how on-topic is
the input (Bexte et al., 2022; Cong, 2024)? We
found that both groups’ distributions were slightly
skewed left (values between 0 and -0.35) with the
L1 group’s values being more negative (i.e. more
skewed). This indicates that while both L1 and L2
had fairly balanced semantic similarity across the
entirety of the input, on average, the L1 group’s
data was considered slightly more similar. How-
ever, unlike the vocabulary category, here we are
looking at the sentence level of similarity, which
is why we interpreted this as the overall cohesion
of the text, rather than word usage. Over time, the
L2 group had limited change in the distribution’s
skewness, staying relatively the same from start to
end, though at the abroad 2 timepoint, there was a
dip where the L2 group average nearly met the L1
group average. This may have had something to
do with the content of that particular narrative, but
we did not observe such behavior at the post-test
2 timepoint when that same narrative prompt was
administered again. As for the MCR, by our pre-
dictions, a native speaker would have better flow
and transitions in their speech, and therefore their
similarity score would cross the mean more often
— in a similar vein as our reasoning for the higher
sentence-level similarity scores. This is what we
observed, with the L1 group’s MCR consistently
being higher than the L2 group. We did see an
overall increase in the L2 learners” MCR over the
course of the program, though there again seemed
to be a connection with content as well, for it was
not a totally steady upward trajectory. This could
mean the L2 learners’ content flow improved over
time, thereby increasing their MCR.

Semantic Structure Lastly we have the semantic
structure category, which consists of the clustering
feature. Contrary to what we had expected, the L2
average clustering coefficients were higher than the
L1 averages. As clustering coefficients usually sig-
nify the strength of semantic connections, we had
thought the native speakers’ data would be higher
in this regard, as they have more of a mastery over
the language. Therefore, these results were rather

confounding. Additionally, over time, the L2 aver-
age clustering coefficients decreased for the most
part. While this meant the L2 group moved toward
the L1 group values, from the meaning of semantic
connection strength, it would indicate that these
connections grew weaker the more time passed.
However, these results are similar to our findings
about the overall semantic similarity of the two
groups. It could be interpreted that the clustering
coefficient is related to the inter-token similarity of
the text, hence the higher number of clusters for the
L2 group. In this case, it would not be that the con-
nections grew weaker but that as the L2 learners’
semantic similarity decreased and more lexical and
syntactic variability was introduced, the denseness
of the clusters also decreased.

There may be more to what semantic connec-
tions really mean, and the clinical population might
inform this direction (Cokal et al., 2025). The pre-
cise interpretations for the L2 population are out-
side of our current scope; more experiments are
needed to address this in L2 development contexts.

Real-World Implications and Future work In
educational contexts, our studies can support
and enhance automatic assessment (Ramesh and
Sanampudi, 2022; Chen and Pan, 2022) in the fu-
ture. We have outlined which metrics are most
interpretable and effective to track learners’ profi-
ciency stages. We intend the proposed pipeline to
serve as an initial framework for using semantic
measures in benchmarking 1.2 development and
conducting general language assessment, thereby
illustrating a promising route for integrating com-
putational linguistics with language learning.

Also, future research could incorporate a broader
range of models to further investigate and lever-
age these semantic features. Given that the
interpretation of such features may be model-
dependent, architectures employing distinct embed-
ding paradigms may yield differing instantiations
or realizations of these semantic properties. Nev-
ertheless, the current pipeline has been evaluated
on multiple representative model families, suggest-
ing that the approach should be generalizable to
future models that share comparable architectures
and embedding paradigms.

7 Conclusion

In this study, we used defined semantic space fea-
tures to classify native speakers and second lan-
guage learners using machine learning models.

339



From this we were able to extract key features that,
upon further analysis, provided some insight into
the differences between the two groups. Semantic
similarity has been known to be a distinguishing
factor between the two, and this study corroborates
that, focusing on specific measurements within that.
From our longitudinal analysis, we found that L2
learners’ abilities did develop over time, which was
reflected by lower surprisal scores, a moderate de-
crease in semantic similarity measures (hence more
diverse and expanded vocabulary as L2 interlan-
guage systems evolve), and improved content flow.
Not all of the analyzed features showed this same
level of improvement, but those remain open points
of discussion regarding second language learners’
capabilities and development trajectories.

Limitations

The dataset was inherently imbalanced, as there
was limited native speakers’ data due to fewer L1
participants and only one set of narratives to ex-
tract features from. We considered the imbalance
and addressed it with widely used techniques. We
acknowledge that it is possible there was still some
overfitting by the models, and a larger scale, full
validation is out of the scope. In a similar vein,
since the dataset was so small, it is possible that mi-
nor changes in the data, including choosing differ-
ent threshold values or a different training/testing
split, could have affected the features outcome. To
ensure the soundness of the filtering pipeline, fur-
ther testing can be done in the future.

As mentioned in the Experiments section, the
SVC model was very computationally expensive
and time-consuming, which limited the amount
of hyperparameters that could be tuned. While
we attempted to run the cross validation with the
various kernel types that the SVC library provides,
with the large number of features, the only one that
was able to run in the alloted time was the ‘linear’
kernel. Therefore, it is possible there was a better
set of hyperparameters that could have been used
for the SVC, but we were unable to explore all of
them in this study. We leave it for future research.

It should be noted that the perplexity and sur-
prisal values were calculated using the Mistral
7B Instruct-v@.1 model, which was primarily
pretrained on English data. We acknowledge that
more accurate values may have been achieved with
a better suited multilingual model or even French-
specific model.
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A Features Used in Classification

Table 3 lists the features that remained after reduc-
ing the feature set.

B Significant Features Over Time

Figures 3 to 8 show the feature trajectories of the
L1 and L2 groups over the six time points for easy
visual comparison.

C Example Narrative Excerpts

Provided below are brief excerpts® from various
participants’ narrative interviews through the lens
of a few different features for illustration purposes.

C.1 Average Surprisal Comparisons

Overall highest average surprisal score: 10.85, L2
participant (#109) at the pretest time point.

 Tous les matins étaient pareils. Natalie -euh
Natalie lit -euh et dans Natalie lit un livre dans
son lit.
“Every morning was the same. Natalie -uh
Natalie reads -uh and in Natalie reads a book
in her bed.”

Lowest average surprisal score for the same
story: 6.69, L1 participant (#135).

* Tous les matins étaient pareils pour la petite
fille Nathalie. Nathalie tous les matins se
réveillait.

“Every morning was the same for little

Nathalie. Every morning, Nathalie woke up.”

®For the full passages, please see the LANGSNAP

database: https://talkbank.org/slabank/access/
French/LANGSNAP . html.

7 All translations in this appendix were done using Google
Translate, for demonstration purposes.

C.2 MeanK1 Comparisons

Highest mean similarity value: 0.4678, L2 partici-
pant (#104) at abroad 2 time point.

* Les freres en deux mille le frere ainé de
Jacques était est allé étudier a I’étranger.
“The brothers in 2000, Jacques’ older brother
had gone to study abroad.”

Lowest mean similarity value for the same story:
0.4037, L1 participant (#130).

* Euh c’est I’histoire des fréres. En deux mille
le frere ainé de Jacques est allé étudier a
I’étranger.

“Uh, it’s the story of the brothers. In 2000,
Jacques’ older brother went to study abroad.”

C.3 Clustering Coefficient Comparisons

Highest average clustering coefficient value:
0.5719, L2 participant (#121) at pretest time point.

* Euh tous les matins matins étaient pareils pour
-euh Nathalie et Pompon -euh. Nathalie regar-
dait un lit.

“Well, every morning morning was the same
for -uh Nathalie and Pompon -uh. Nathalie
was looking at a bed.”

Lowest average clustering coefficient value for
the same story: 0.3578, L1 participant (#135)

* Tous les matins étaient pareils pour la petite
fille Nathalie. Nathalie tous les matins se
réveillait.

“Every morning was the same for little
Nathalie. Every morning, Nathalie woke up.”
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Feature

Model(s)

MeanK1

MeanK?2

Mean Crossing Rate (MCR)
Slope Sign Changes (SSC)
Wave Length (WL)

Variance

Peak

Valley

Skewness

Excess Kurtosis

Approximate Entropy (ApEn)
Autocorrelation Function (Acf)
Acf Zero Crossing Rate (AcfZcr)
MCR (static centroid)

SSC (static centroid)

Variance (static centroid)

Peak (static centroid)

Valley (static centroid)
Skewness (static centroid)
Excess Kurtosis (static centroid)
ApEn (static centroid)

Acf (static centroid)

ActZcr (static centroid)

WL (static centroid)

Amplitude (static centroid)
MeanK1 (cumulative centroid)
MCR (cumulative centroid)
SSC (cumulative centroid)
Variance (cumulative centroid)
Peak (cumulative centroid)
Valley (cumulative centroid)
Amplitude (cumulative centroid)
Skewness (cumulative centroid)

Excess Kurtosis (cumulative centroid)

Acf (cumulative centroid)
AcfZcr (cumulative centroid)
ApEn (cumulative centroid)
Closeness Centrality
Clustering Coefficient

Next Sentence Prediction-Based Perplexity

Average Perplexity
Average Surprisal

fastText, BERT, SBERT
fastText, SBERT
fastText, BERT, SBERT
fastText, BERT, SBERT
BERT, SBERT
fastText, BERT, SBERT
fastText, BERT, SBERT
fastText, BERT, SBERT
fastText, BERT, SBERT
fastText, BERT
fastText, SBERT
fastText, SBERT
fastText, BERT, SBERT
fastText, SBERT
fastText, SBERT
fastText, BERT
fastText

fastText, SBERT
fastText, SBERT
fastText, BERT, SBERT
fastText, SBERT
fastText, SBERT
fastText, SBERT

BERT

BERT, SBERT

fastText

fastText, BERT, SBERT
fastText, BERT, SBERT
SBERT

fastText, BERT, SBERT
fastText, SBERT
fastText, SBERT
fastText, BERT, SBERT
fastText, SBERT
fastText

fastText, BERT, SBERT
SBERT

fastText, BERT, SBERT
fastText, BERT, SBERT
BERT

Mistral

Mistral

Table 3: The 91 measures used for classification
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Figure 4: Longitudinal analysis of variation in reference to static centroid (from fastText)
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Figure 5: Longitudinal analysis of meanK1 similarity (from BERT)
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Figure 8: Longitudinal analysis of average clustering coefficients (from BERT)
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