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Abstract
This paper evaluates three data augmentation strategies for training misspelling detection models in Spanish. Using
the Spanish CORRSIC corpus of naturally occurring misspellings, we compare three misspelling generation methods:
random perturbations, keyboard-based errors, and a statistical model derived from empirical edit patterns encoded
as weighted finite-state transducers. We also analyze two word selection strategies (random and length-based) and
two augmentation configurations designed to balance data diversity and reduce spurious correlations. This study
shows that the statistical model produces misspellings most similar to real data, showing the lowest Jensen–Shannon
divergence (0.148 nats) with the empirical distribution. In downstream detection experiments, performance improves
with training size, and differences between word selection strategies remain minimal. Overall, the results highlight the
value of statistically grounded misspelling generation for realistic and effective data augmentation in spell-checking
tasks in Spanish.
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1. Introduction

Spell checking remains a fundamental component
of natural language processing (NLP) systems, sup-
porting a wide range of applications from text edit-
ing tools to large-scale information retrieval and lan-
guage learning platforms. Despite its long history,
the task continues to present challenges, particu-
larly in adapting to diverse domains and handling
the variability of real-world misspellings. A cen-
tral difficulty is the scarcity of annotated corpora
that capture authentic spelling errors with sufficient
coverage to train modern discriminative models.

Data augmentation offers a promising avenue
to address this limitation. By generating synthetic
misspellings that approximate naturally occurring
ones, it is possible to expand training data, improve
model robustness, and reduce overfitting. How-
ever, the effectiveness of different augmentation
strategies for spell checking has not been system-
atically assessed. Existing approaches often rely
on ad hoc misspelling generation heuristics, such
as random substitutions or keyboard-based noise,
without a clear understanding of their impact on
downstream misspelling detection performance.

This paper assesses the role of data augmen-
tation in spell checking by evaluating multiple mis-
spelling generation strategies in Spanish under
controlled conditions. We compare random mis-
spelling injection, keyboard-proximity perturbations,
and statistical models designed to approximate em-
pirical misspelling distributions observed in real-
world corpora. Our experiments focus on mis-
spelling detection with discriminative models, an-
alyzing how different augmentation strategies and
sampling methods influence precision, recall, and

overall performance.

2. Related Work

Recent research has explored various approaches
to modeling and generating spelling errors for data
augmentation in spelling correction and detection
tasks. The survey on grammatical error correction
by Bryant et al. (2023) includes a section with refer-
ences devoted to the generation of synthetic data
to produce grammatical errors in text and classifies
the methods as noise injection, back-translation,
and round-trip translation. A particularly relevant
subsequent contribution is that of Martynov et al.
(2023), who investigate augmentation methods for
emulating human misspellings in Russian. They in-
troduce a multi-domain corpus of genuine spelling
errors and compare two complementary generation
strategies: Augmentex, a heuristic method based
on random and keyboard-level perturbations, and
Statistic-based Spelling Corruption (SSC), which
derives probabilistic error distributions from aligned
correct-incorrect word pairs. Their evaluation, us-
ing distributional similarity measures such as the
Kolmogorov-Smirnov test, demonstrates that the
statistical model produces synthetic errors that
more closely resemble real ones, particularly in
substitution-dominated domains.

Our work follows a similar line of inquiry but fo-
cuses on Spanish and emphasizes empirical eval-
uation of data augmentation strategies for training
misspelling detection models rather than correction.
Using the CORRSIC corpus of naturally occurring
Spanish misspellings as reference, we compare
random, keyboard-based, and statistical genera-
tion methods, along with alternative word selection



72

and augmentation configurations. These studies
converge on a key insight: statistically grounded
models that reproduce empirical edit distributions
generate more realistic and effective training data
than purely heuristic approaches. However, unlike
Martynov et al. (2023), our experiments directly
quantify the downstream impact of each augmen-
tation strategy on discriminative detection perfor-
mance, thereby bridging the gap between distri-
butional realism and task-specific utility. A more
comprehensive account of the methodology, re-
sults, and implications of this work is presented in
(Castillo-Sancho, 2025), a Master’s thesis devel-
oped within the framework of the LEIA project1.

3. Description of CORRSIC

CORRSIC is a manually annotated Spanish cor-
pus of natural misspellings derived from the Cor-
pus de Referencia del Español Actual (CREA)2,
carefully annotated by qualified linguists to ensure
high-quality labeling. Compiled several decades
ago, it consists of text segments, typically full sen-
tences, containing misspellings together with their
corresponding corrections. The spelling of the cor-
pus has been updated to reflect the latest reform
of Spanish orthography. The size of the CORRSIC
corpus is summarized in Table 1.

Element Count
Text Segments 49676
Words 1696344
Annotated Misspellings 49958
Misspelling Density 2.95%
Misspelling Types 30008

Table 1: Summary of the CORRSIC corpus.

In the annotation scheme used in CORRSIC mis-
spellings are marked with the <sic> element and
the attribute @corr providing the corrected form.
An illustrative example is shown below:

<sic corr="Qué">Que</sic>
bueno contar con una página
de información como la suya.
A mi hijo le interesa mucho
este deporte. Él aún es pe-
queño y me gustaría saber
<sic corr="como">cómo</sic>
lo puedo encauzar para que
no lo tome temporalmente nada
<sic corr="más">mas</sic>,

1Lengua Española e Inteligencia Artificial (Spanish
Language and Artificial Intelligence): https://www.
rae.es/leia-lengua-espanola-e-inteligen
cia-artificial

2https://www.rae.es/banco-de-datos/cre
a

sino que le ayude en su de-
sarrollo personal más <sic
corr="adelante">adlante</sic>.

where que/qué, como/cómo and mas/más are pairs
of words distinguished by a diacritic accent, i.e., a
special use of the accent mark that distinguishes
words that are spelled the same but have different
meanings or grammatical functions, and adlante is
a misspelling of adelante.

A 60–40% split of this corpus was used to eval-
uate different misspelling detection models under
natural conditions. The 60% portion will be used to
obtain statistics for the statistical model, while the
remaining 40% will serve as a test set.

4. Misspelling Modeling

To assess whether synthetic misspelling genera-
tion strategies for data augmentation influence the
performance of the misspelling detection model,
and to what extent, three models were developed
in the LEIA project. Specifically, we compare: (i)
a model that generates misspellings at random,
(ii) a model that introduces misspellings based on
keyboard proximity, and (iii) a model that produces
misspellings following a distribution similar to that
observed in CORRSIC.

4.1. Random and Keyboard Models

4.1.1. Random Model

This model generates misspellings through random
perturbations, applying a fixed number of modifi-
cations to the characters of a word. The possible
operations include the insertion of a random char-
acter, the substitution of one character with another,
the deletion of an existing character, and the trans-
position of two consecutive characters.

4.1.2. Keyboard Model

This model simulates misspellings derived from
the spatial organization of the QWERTY keyboard.
Although some implementations exist for simulating
keyboard errors in English (Ma, 2019), they do not
fully support a Spanish keyboard layout; for this
reason, we developed our own method.

The starting point is a complete representation
of the Spanish layout, divided into the base layer,
the Shift layer, the AltGr layer, and the extended
layers with accented and diacritic characters. Each
printable character is assigned a position in this
map, which enables the definition of its neighbors
in two dimensions.

Candidate substitutions for a given character are
determined by computing their topological distance
on the keyboard grid. The substitution probability

https://www.rae.es/leia-lengua-espanola-e-inteligencia-artificial
https://www.rae.es/leia-lengua-espanola-e-inteligencia-artificial
https://www.rae.es/leia-lengua-espanola-e-inteligencia-artificial
https://www.rae.es/banco-de-datos/crea
https://www.rae.es/banco-de-datos/crea
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decreases as this distance increases, following an
exponential decay function. As a result, characters
located in close proximity to the original key are the
most likely candidates for replacement.

In addition to this distance-based weighting, the
model integrates factors associated with the na-
ture of the keyboard layout. Substitutions within
the same layer are assigned the highest weight,
while transitions across related layers (e.g., base
to Shift) receive reduced weight, and substitutions
involving more distant layers (e.g., base to AltGr
or diacritic variants) are penalized more strongly.
The final probability of substitution is obtained by
combining the spatial and layer-based factors, fol-
lowed by normalization of the resulting distribution.
A replacement character is then sampled according
to this distribution.

Additionally, the model incorporates a small prob-
ability of introducing diacritic errors in vowels. Due
to the complexity and variability of diacritic in-
put mechanisms, these substitutions are not con-
strained by the keyboard topology and are instead
applied independently of spatial considerations.

Finally, it is important to note that this model is
limited to character substitutions. It does not simu-
late insertion or deletion errors, focusing exclusively
on replacement phenomena derived from typing
interaction.

4.2. Statistical Model
The statistical model seeks to approximate the em-
pirical distribution of misspellings observed in the
CORRSIC test partition. To achieve this, misspell-
ing patterns are first extracted from the CORRSIC
training partition and then used to construct a
weighted finite-state transducer (WFST) (Mohri,
2009) capable of generating misspellings in an in-
put string with a distribution similar to that observed
in CORRSIC.

4.2.1. Misspelling Patterns Extraction

The extraction of misspelling patterns starts from
aligned pairs of correct-incorrect words in the
CORRSIC train partition. Each pair is processed
using the Damerau-Levenshtein algorithm to find
the minimal edit script (Damerau, 1964; Leven-
shtein, 1966), i.e., the sequence of atomic oper-
ations (insertion, deletion, substitution) that trans-
forms the correct form into the erroneous one. For
example, the pair (amigo / amgo) yields the single
operation i → ϵ, while (soleado / ssokeado) results
in the insertion ϵ → s plus the substitution l → k.

Three refinements are introduced to capture mis-
spelling patterns more contextually and realistically.
First, explicit boundary symbols are added to model
edits occurring at the beginning or end of words.
Second, consecutive edits are merged when they

co-occur. Third, the representation is extended
from unigrams to bigrams whenever an insertion
or deletion takes place.

4.2.2. Misspelling Transducer Construction

Every edit operation is stored in the form of a tuple
(α, β), where α is a string to be replaced in the input,
and β is its replacement in the output string. After
extracting the operations for each word pair in the
corpus, they are aggregated over the entire dataset
to obtain their empirical frequencies.

The probabilistic model of spelling errors is
then derived directly from these extracted patterns.
Each edit operation α → β, together with its empiri-
cal probability, is encoded as a transition in a WFST.
In this framework, states represent alignment posi-
tions, and transitions correspond to possible edits
(substitutions, insertions, deletions, or identity map-
pings when no error occurs).

The WFST is defined over the tropical semiring,
where the weight of a path is calculated as the sum
of the weights of its transitions. Each transition
in the transducer corresponds to a possible edit
operation and is weighted by the negative logarithm
of its empirical probability.

As a result, a complete misspelling sequence
transforming a word into a misspelled variant cor-
responds to a path through the transducer. The
path weight is the sum of the individual edit costs,
which in the tropical semiring framework is equiva-
lent to the negative logarithm of the product of their
probabilities.

By applying the inverse of the logarithmic trans-
formation, the weight of a path can be mapped back
into a probability value.

This formulation allows us to take advantage
of the shortest-path algorithms available for WF-
STs. Given an input word w, it is composed with
the WFST, and the operation ShortestPath(w ◦
WFST, k) returns the k lowest-cost paths, i.e., the
k most probable misspellings (Mohri, 2002). Be-
cause each path weight can be mapped back into
a probability through the inverse log transformation,
we can not only rank candidates but also sample
from them according to their true probabilities. In
practice, we set k = 1000 to balance computational
time and coverage.

4.2.3. Misspelling Model Evaluation

When comparing discrete probability distributions,
such as the misspelling distributions generated by
the misspelling models and the empirical distribu-
tion extracted from the CORRSIC test partition, a
common choice is the Kullback–Leibler (KL) diver-
gence (DKL) (Kullback and Leibler, 1951), as it di-
rectly quantifies the information loss incurred when
one distribution is used to approximate another. It
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is defined as follows:

DKL(Q || P ) =
∑
x∈X

P (x) log
P (x)

Q(x)

However, DKL presents well-known limitations: it is
asymmetric (DKL(P ∥ Q) ̸= DKL(Q ∥ P )), which
complicates its interpretation as a measure of simi-
larity, and it becomes infinite whenever the supports
of the compared distributions, those produced by
the misspelling model and those observed in the
CORRSIC test partition, do not fully overlap. To ad-
dress these issues, we adopt the Jensen–Shannon
(JS) divergence (Lin, 1991), a symmetrized and
smoothed variant of KL that is always finite and
thus better suited for comparing empirical discrete
distributions. JS divergence is defined as follows:

DJS(P || Q) = 1
2DKL(P || M) + 1

2DKL(Q || M)

where M = 1
2 (P +Q).

The JS divergence was applied to compare the
edit distributions of words misspelled by different
models. For reference, the JS divergence between
the CORRSIC train and test partitions is 0.006
nats. We used the same misspelled words from the
corpus test partition and applied the other noise-
injection methods to them. From Table 2, we ob-
serve that the statistical model (Statistic) yields the
lowest JS divergence with respect to the empirical
CORRSIC test partition distribution (0.148 nats), in-
dicating that it produces misspelling patterns most
similar to those found in real data. By contrast,
the keyboard-based misspelling model shows the
highest divergence (0.548 nats), while the random
model lies in between (0.374 nats). This higher di-
vergence in the keyboard model can be attributed,
in part, to its restriction to character substitutions
only, as it does not simulate insertion or deletion
errors, which are present in the real data.

P DJS(P,CORRSICTest)
Random 0.374
Keyboard 0.548
Statistic 0.148

Table 2: Jensen-Shannon divergence between the
distributions of editions in words produced by differ-
ent misspelling models and the empirical distribu-
tion from CORRSIC test partition. Units are given
in nats.1

The ability of the statistical error model to emu-
late other misspelling distributions was also evalu-
ated. The distribution of keyboard-induced errors
is accurately reproduced by the WFST model, with

1Nats are the unit of information when logarithms are
taken in base e (the natural logarithm).

a Jensen–Shannon divergence of 0.041 nats. In
contrast, the distribution of random errors is not cap-
tured as precisely, showing divergences of 0.245
nats with k=1000 and 0.222 nats with k=5000. This
difference can be explained by the greater variabil-
ity of the randomly generated misspellings, which
makes it more difficult to model a stable statistical
pattern.

4.3. Length-Based Word Selection

As previous studies have shown for English (Özbey
et al., 2022; Flor et al., 2015), word length and word
frequency strongly influence the production of mis-
spellings. When words are randomly sampled from
running text, the resulting word-length distribution
becomes heavily biased toward shorter words, in
accordance with Zipf’s law, since high-frequency
words tend to be shorter. As illustrated in Figure 1,
this distribution differs markedly from that observed
in the Spanish CORRSIC corpus. The same fig-
ure also presents the word-length distribution of
words sampled according to this empirical distri-
bution. These two word selection strategies for
error injection, the Random and Length-based ap-
proaches, are used in the experiments for training
the misspelling detection models.

Figure 1: Comparison of word-length distribu-
tions for randomly sampled words, words from
CORRSIC, and length-based samples replicating
CORRSIC’s distribution.

5. Experiments on Misspelling
Detection

Misspelling detection is framed as a token clas-
sification problem, implemented through a dis-
criminative model that predicts a misspelling/non-
misspelling label for each token in the input se-
quence. We use roberta-base-bne3, a mono-
lingual Spanish variant of RoBERTa and the BIO

3https://huggingface.co/PlanTL-GOB-ES/
roberta-base-bne

https://huggingface.co/PlanTL-GOB-ES/roberta-base-bne
https://huggingface.co/PlanTL-GOB-ES/roberta-base-bne
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(Beginning–Inside–Outside) scheme (Ramshaw
and Marcus, 1995), where tokens at the beginning
of a misspelling span are tagged as B-ERR, tokens
inside the span as I-ERR, and all other tokens as
O.

Table 3 reports the results of the misspelling
detection task on CORRSIC, comparing different
word selection strategies for noise induction, mis-
spelling models, and alternative sampling methods
for constructing the training set for fine-tuning the
model. The word selection strategies are based
on random sampling (RND) and on word length
(LEN), designed as described in 4.3 to approxi-
mate the length distribution observed in CORRSIC.
Regarding the selection of training examples, two
approaches were considered: one that augments
each noisy example by generating multiple mis-
spelling combinations at varying density levels
(from 25% downward) (AUG1), and another that
performs random sampling over the augmented
set generated by AUG1 (AUG2). AUG1 includes
fewer base sentences but with a larger variety of
misspelling combinations, whereas AUG2 contains
a greater number of distinct base sentences but
fewer combinations. This design aims to mitigate
potential spurious correlations (Ye et al., 2025; Liu
et al., 2024) arising from the model’s memorization
of specific errors or contextual patterns.

With respect to the size of the training data, we
observe a general improvement in misspelling de-
tection metrics on the CORRSIC test partition as
the training set increases, suggesting that model
performance scales with data availability. The full
dataset contains 10 million sentences, and experi-
ments with fewer samples were performed on sub-
sets derived from this complete corpus.

In spell-checking tasks, however, precision is
typically favored over recall, and performance is
therefore often reported in terms of F0.5 rather than
F1. As shown in Table 3, the statistical model (c)
achieves higher F and recall scores than the ran-
dom (a) and keyboard-based (b) models, indicat-
ing a stronger ability to capture real misspelling
patterns. Regarding data-augmentation configura-
tions, AUG2 yields higher precision but lower recall
than AUG1, consistent across all models. This can
be explained by the fact that AUG2 includes a wider
range of distinct sentences but fewer misspelling
variations per sentence, allowing the model to ob-
serve more diverse contexts and become more
precise in identifying actual errors. However, the
limited number of variations per context reduces
its exposure to certain error structures, leading to
lower recall. In contrast, AUG1 exposes the model
to fewer unique contexts but with a larger set of
misspelling combinations, enabling it to better gen-
eralize across diverse error patterns and achieve
higher recall, albeit at the cost of precision. The

mixed model (d) reaches an F score comparable to
that of the statistical model, yet with slightly higher
precision and somewhat lower recall, suggesting
that combining generation strategies can balance
complementary strengths while maintaining overall
performance.

The results indicate only minimal differences be-
tween random and length-based word selection
strategies in Spanish. Since the reported scores
are aggregate values, no valid p-value can be com-
puted from them alone. However, the descriptive
comparison suggests that the choice of word selec-
tion method has little impact on downstream per-
formance when using discriminative models, which
calls into question the benefit of more complex se-
lection heuristics. A possible explanation is that the
models operate at the level of the tokens defined by
the underlying model’s tokenizer rather than whole
words, which may reduce the impact of word-level
selection strategies. Supporting this, the JS diver-
gence between the token distributions of datasets
with different word selection strategies is 0.00787
nats, indicating that their token distributions are
nearly identical.

To evaluate how accurately a detection model
trained on a dataset with misspellings produced
by different generation methods can identify the
source of each error, we computed the correspond-
ing confusion matrix (Figure 4). The figure shows
these results, revealing a certain degree of distin-
guishability among the different methods. In gen-
eral, the detection model successfully recognizes
most errors generated by their respective meth-
ods, with accuracies of approximately 77%, 85%,
and 79% for the Random, Keyboard, and Statis-
tical models, respectively. Confusions tend to oc-
cur mainly between the Random and Statistical
categories, which present more overlapping noise
patterns. By contrast, errors generated through
keyboard-based perturbations are more easily iden-
tifiable, suggesting that this type of noise exhibits
more distinctive and consistent features.

6. Limitations

This study presents several limitations that should
be acknowledged. First, the evaluation is confined
to the datasets and experimental conditions consid-
ered here, which may limit the external validity of
the findings across domains and error distributions.
Second, because the analysis is based on aggre-
gate performance scores, it does not permit formal
statistical significance testing, thereby constraining
the strength of comparative claims. Third, the study
does not differentiate between competence errors
and performance errors, despite the fact that these
error types may respond to distinct linguistic, cogni-
tive, and contextual factors. Fourth, the keyboard-
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Size Word AUG1 AUG2
Selector P R F1 F0.5 P R F1 F0.5

500k RND 0.73 0.64 0.68 0.71 0.86 0.58 0.69 0.78
LEN 0.71 0.67 0.69 0.70 0.83 0.61 0.70 0.77

1M RND 0.77 0.62 0.68 0.73 0.84 0.60 0.70 0.78
LEN 0.73 0.66 0.69 0.71 0.82 0.62 0.70 0.77

5M RND 0.74 0.67 0.71 0.72 0.80 0.65 0.72 0.76
LEN 0.75 0.68 0.71 0.73 0.77 0.66 0.71 0.75

10M RND 0.78 0.68 0.72 0.76 0.76 0.66 0.71 0.74
LEN 0.78 0.68 0.73 0.76 0.76 0.68 0.72 0.74

(a) Random Misspelling Model

Size Word AUG1 AUG2
Selector P R F1 F0.5 P R F1 F0.5

500k RND 0.74 0.62 0.67 0.71 0.84 0.55 0.66 0.76
LEN 0.76 0.60 0.67 0.72 0.85 0.56 0.67 0.77

1M RND 0.73 0.63 0.68 0.71 0.82 0.58 0.68 0.76
LEN 0.74 0.62 0.68 0.71 0.83 0.60 0.69 0.77

5M RND 0.78 0.63 0.70 0.74 0.80 0.63 0.70 0.76
LEN 0.79 0.63 0.70 0.75 0.76 0.65 0.70 0.74

10M RND 0.78 0.63 0.70 0.74 0.75 0.67 0.71 0.73
LEN 0.77 0.68 0.72 0.75 0.76 0.67 0.71 0.74

(b) Keyboard Misspelling Model

Size Word AUG1 AUG2
Selector P R F1 F0.5 P R F1 F0.5

500k RND 0.67 0.79 0.73 0.69 0.83 0.74 0.78 0.81
LEN 0.69 0.79 0.74 0.71 0.83 0.76 0.79 0.81

1M RND 0.72 0.78 0.75 0.73 0.82 0.77 0.79 0.81
LEN 0.72 0.80 0.76 0.73 0.83 0.77 0.80 0.82

5M RND 0.75 0.81 0.78 0.76 0.79 0.81 0.80 0.79
LEN 0.75 0.84 0.79 0.77 0.78 0.83 0.80 0.79

10M RND 0.72 0.84 0.78 0.74 0.75 0.84 0.79 0.77
LEN 0.75 0.85 0.80 0.77 0.76 0.84 0.80 0.77

(c) Statistical Misspelling Model

Size Word AUG1 AUG2
Selector P R F1 F0.5 P R F1 F0.5

500k RND 0.75 0.69 0.72 0.74 0.84 0.69 0.75 0.81
LEN 0.72 0.73 0.73 0.72 0.85 0.70 0.77 0.82

1M RND 0.77 0.71 0.74 0.76 0.84 0.72 0.77 0.81
LEN 0.77 0.72 0.75 0.76 0.85 0.72 0.78 0.82

5M RND 0.79 0.75 0.77 0.78 0.83 0.72 0.77 0.81
LEN 0.82 0.74 0.78 0.80 0.83 0.76 0.79 0.81

10M RND 0.81 0.76 0.79 0.80 0.83 0.75 0.79 0.81
LEN 0.83 0.75 0.79 0.81 0.84 0.73 0.78 0.82

(d) Mixture of Random, Keyboard and Statistical Misspelling Models

Table 3: Results of the downstream misspelling detection task on the CORRSIC test partition under different
training set sizes, word selection strategies, and data augmentation methods for different misspelling
generation.

based misspelling model is restricted to a single
input-device setting and therefore does not cap-
ture the variability associated with other keyboards,
mobile devices, or alternative input modalities. Fi-
nally, the corpus employed is not fully contempo-

rary, which may reduce its representativeness with
respect to present-day Spanish usage; diachronic
change and distributional shift may affect both the
prevalence and the form of misspellings, and thus
limit the generalizability of the results to present-
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Real/Pred Random Keyboard Statistical
Random 13178 (0.77) 2250 (0.13) 1639 (0.10)
Keyboard 1064 (0.06) 14806 (0.85) 1490 (0.09)
Statistical 2093 (0.12) 1568 (0.09) 13603 (0.79)

Table 4: Confusion matrix for the identification of the source model that generated each misspelling.
Values are reported as absolute counts, with percentages in parentheses.

day text. The results reported here remain valid for
the relative comparison of models, even under the
limitations described.

7. Conclusions

This work has presented a systematic evaluation,
under the conditions and limitations described
above, of data augmentation strategies for train-
ing misspelling detection models in Spanish. Using
the CORRSIC corpus as a reference for natural
errors, we compared three misspelling generation
approaches—random, keyboard-based, and statis-
tical—and analyzed their impact on downstream
detection performance.

Our results show that the statistical model,
which reproduces empirical misspelling distribu-
tions through a weighted finite-state transducer,
most closely approximates real misspelling pat-
terns, as confirmed by the lowest Jensen–Shannon
divergence values. Although the keyboard and ran-
dom models also improve robustness, their gener-
ated noise deviates more from the empirical distri-
bution.

In the downstream detection task, performance
increases consistently with training data size, while
differences between random and length-based
word selection remain marginal. Moreover, the two
augmentation configurations (AUG1 and AUG2) ex-
hibit complementary behaviors in terms of precision
and recall, highlighting the importance of balancing
data diversity and contextual variability.

Overall, the findings suggest that statistically
grounded error generation constitutes an effective
and realistic strategy for data augmentation in Span-
ish spell-checking systems. Future work will extend
these experiments to multilingual settings, explore
hybrid generative–statistical approaches, and as-
sess their integration in large-scale language mod-
els for orthographic error correction.
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