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Abstract. Automated spellchecking is one of the core human language
technologies. It is investigated intermittently for African languages, and
then mostly for the most resourced among the low-resourced languages.
Reusing spellchecker infrastructure to bootstrap spellcheckers for very
low-resourced language remains an elusive goal. The aim of this work is to
systematically investigate reusability of a pipeline to develop spellcheck-
ers for all Nguni languages, and whether reusing a language model in one
language for spellchecking in another may be feasible as an alternative
bootstrapping option. We used the KenLM language model toolkit to
train new models with texts in the four Nguni languages using n-grams
(1 to 5), refined with a dynamic threshold. We then created a baseline
with automatically wrecked words on their own language model, and as-
sessed precision, recall, F1, and accuracy cross-lingually. Error detection
accuracies are 86% for isiZulu, 83% for isiXhosa, 87% for isiNdebele, and
82% for siSwati. Average F1 score degradation is sometimes small (e.g.,
isiZulu text on isiNdebele model, isiXhosa on isiZulu), and sometimes
substantial (siSwati on all three others). We therefore conclude that the
approach may thus be feasible.

Keywords: Spellcheckers · Language Models · Agglutinating African
Languages.

1 Introduction

The creation of basic natural language processing (NLP) and human language
technologies (HLT) infrastructure for African languages may require the cre-
ation of reliable spellchecking tools, and spellchecking is generally considered
one of the core tools, along with grammar checkers and morphological analysers.
Work on spellchecking tools for South African languages dates back nearly 25
years, yet scant tooling is available and work on spellchecking for these and other
African languages is largely fragmented. The most recent tooling made public are
the Microsoft Office plugins by SADiLaR3, even though their technical details
3 https://sadilar.org/en/spelling-checkers
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were neither published, thus negatively impacting the work’s reproducibility and
replicability, nor was their accuracy reported. Earlier efforts predominantly used
finite-state machines (e.g., [20]), wordlists for Open Office plugins4, a 3-gram
based approach with a statistical word model [14, 15], and/or ensemble tech-
niques [20]. For isiZulu, the statistical model reached up to 89% accuracy for
error detection [15], error recall was 84% in [14], and the ensemble approach in
[20] reached over 95% lexical recall, which is higher than reported in [14] but the
former authors’ code or plugin is not available. Large language models (LLMs)
have seen contemporary success across a variety of tasks, and several can now be
used for South African language spellchecking (e.g., AfriqueLLM [2]). However,
none of these models have been tested on their spellchecking accuracy, and they
currently only support a subset of South African languages.

Regardless of the technique used, it would be beneficial for a cluster of lan-
guages or for a group of dialects if the same technique can be easily reused for
languages other than the one it was designed for. For instance, Ndaba et al.’s
algorithm to generate the 3-gram-based isiZulu model was shown to be reusable
by feeding the implemented algorithm isiXhosa text to create an isiXhosa model
[13]. This approach still requires corpus creation and cleaning, however, as well
as setting thresholds. Alternatively, a language model-based spellchecker may
perform sufficiently well across similar languages, not unlike improving neural
machine translation by adding text from an adjacent language (e.g., [16]), data-
driven noun class disambiguation across languages [5], and likewise for rule-based
approaches of bootstrapping morphological analysers for the Nguni languages
[3, 19] and bootstrapping controlled natural languages [6, 11]. For such cross-
language use, the performance is expected to be less, but if it degrades from,
say, 95 to 85% with respect to accuracy, then that 85% is still much better than
no automated spellchecking.

We aim to investigate the ability to bootstrap spellcheckers across similar
languages in this paper in a first experimental evaluation that demarcated to
specifically the KenLM language model toolkit [9] and the four Nguni languages:
isiZulu, isiXhosa, siSwati, and isiNdebele. We trained (created) spellchecking
models for each language on a corpus for each language, and designed a novel
spelling wrecker informed by the authors’ knowledge of typical typos (no data
on common typos exist for the Nguni languages), which was applied to a large
set of test words. Instead of hardcoded probability scores to determine whether
each word is misspelled or not, we trained and use logistic regression models to
dynamically learn the probability threshold(s) for identifying misspellings using
the probability scores generated by the KenLM language models. We then tested
the model pipelines for the error detection task on the wrecked words on their
own and against the other three model pipelines.

Our results show that when each model is tested on its own language, the
isiZulu and isiNdebele models performed best (F1 scores 0.75) while the siSwati
model performed worst (F1 of 0.69). Zooming into the models’ performance for

4 Provided by translate.org.za in 2009 for Open Office versions predating v4: https:
//extensions.openoffice.org/en/project/zulu-spell-checker.html
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each error type, it becomes evident that the models are very good at detecting
some errors over others; e.g., the isiXhosa model pipeline has accuracies of 91%
and 93% for insertion and transposition error types but lower values for deletion
and phonetic errors. Regarding the core task of determining which language is
best to use when bootstrapping, the results show that isiZulu is often the best
model to rely on for the various Nguni languages.

The rest of the paper is structured as follows. We first describe in more detail
the related work on spellchecking for African languages (Section 2). The main
part of the paper is devoted to the materials and methods (Section 3) and results
and discussion (Section 4). We conclude in Section 5.

2 Related work

There are a number of techniques that can be used for spellchecking to detect
errors. For African languages specifically, typical strategies over the decades are
to use morphological analysis with regular expressions [4, 8, 20], word lists and
dictionaries (e.g., [22]), data-driven language models (statistical and possibly
others as well) [14, 15], edit distance [17], a syllable-based approach [17], and
ensemble techniques with one primary technique that is augmented with at least
one other technique [7, 20, 14].

A key reason why not simply the software infrastructure of English has been
reused, is the agglutinative nature of many African languages, as compared to
the disjunctive orthography of English. Agglutination significantly reduces the
type-to-token ratio, thereby rendering the wordlist-based approach impractical
and unlikely to reach high accuracy rates. For instance, compare {ngibonga,
ubonga, sibonga, ngiphuza, siphuza} with their respective strings in English {‘I
see’, ‘you see’, ‘we see’, ‘I drink’, ‘we drink’} where for isiZulu there are 5 unique
words (type-to-token of ratio of 1:1), whereas for English there are 5 types and
10 tokens (type-to-token ratio of 1:2). In addition, a downside for the wordlist
approach is that the wordlists have to be collected for each language.

What the example also illustrates, is that there are recurring sequences in
the words, thereby making resorting to a morphological analyser an appealing
strategy, which was popular in the early 2000s [3, 4, 20]. For instance, the ngi is
a recurring prefix, as are the u and si in the sample words above, and for simple
present tense, the verb ends in a, to which one could add a list of verb roots
(including bong, phuz). While one may expect it to reach higher accuracy than
wordlists if all the rules are known and can be captured in regular expressions,
the downside is that it is very labour intensive to develop, and it needs to be
redone for each language. Similarity in rules vary, as has been demonstrated for
isiZulu and isiXhosa verbs in detail by [11].

With the increase of digitisation and online publications, corpus-driven ap-
proaches to create language models (LMs) have become within reach. Ndaba
et al. [15] investigated bi-, tri-, and quadri-grams based LMs, and trained the
LMs with old and recent texts, observing that trigrams on recent text performed
best. Their test data consisted of only n = 46 incorrect words. Their key idea is
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to split up all strings in the corpus into strings of three consecutive characters
(ngi, gib, ibo, bon, ong, nga etc.), compute their respective frequency, determine
a cut-off threshold below which the strings are too unusual to likely be correct,
and then it should be able to detect unseen strings and determine them as cor-
rect words or misspelled ones. A somewhat similar, more refined, approach that
also aims to be resilient to the very long tail, was taken by Okgetheng et al.
[17]: rather than n-grams, they used syllables. It was applied to the disjunctive
Setswana, however, and we did not find a syllable detector, or else at least a list
of confirmed syllables, for any of the Nguni languages.

Functioning tools for isiZulu spellchecking are sparse. To the best of our
knowledge, only the SADiLaR Office365 plugins would be functional if one has
paid the Office365 licence5, and there is Ndaba et al.’s [15] and related Mjaria
and Keet’s [14] code and tool that are online available on GitHub and integrated
in a platform-independent jar file that works with older Java versions6.

The lack of availability impedes reuse as well as conducting comparative per-
formance experiments to standardise comparisons. Currently, the OpenOffice
and Office365 plugins have no reported performance figures, some report accu-
racy [15], others report only lexical recall [20], or both lexical and error recall
[14]. The same term/measure may also be calculated differently. For instance,
Ndaba et al.’s accuracy is calculated as TP+TN

N where TP denotes the true
positives, instances where the model correctly predicted the positive word, TN
denotes true negatives, cases where the model correctly identified the negative
class, and N denotes the total number of words. On the other hand, Okgetheng
et al.’s accuracy is calculated as the ratio of correct words to the total number
of words [17].

Using the same infrastructure as Ndaba et al., Mashiane trained it with
isiXhosa texts (corpus size and genre unknown) and obtained 79% accuracy,
which presumably was calculated in the same way [13]. While not as good as
the isiZulu spellchecker, it is, to the best of our knowledge, the only mention of
reuse of infrastructure, where only text in the target language had to be fed into
the algorithm.

3 Materials and Methods

This study evaluates how character-level language models for spellchecking per-
form for the languages they were created for and how they generalize to other
languages. To this end, we designed two experiments. We first developed new
models using corpora larger than in previous studies and generated realistic
test datasets. We also evaluate cross-linguistic detection capabilities and employ
data-driven methods to establish thresholds for error detection, moving beyond

5 The SADiLaR repository also lists and older isiNdebele spell checker [1], but the
record has no files associated with it (last accessed on 15 March 2026).

6 The second version with the corrector is available at https://github.com/
normanpilusa/Spellchecker; last accessed on 15 March 2026.
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Fig. 1. Overview of the proposed pipeline for creating and evaluating the spellcheckers.
Details of how each component is created or functions are described in the text.

the reliance on tailored and fixed values. The pipeline is summarised in Fig. 1
and described in the sections below.

The aim of Experiment 1 is to establish the complete training pipeline and
test cases per language using a spelling wrecker tool with realistic error types,
covering substitution, deletion, insertion, transposition, and phonetic errors. In
this context, we consider a realistic error as a spelling mistake that a human
would actually make when typing. As such, we do not test our spellcheckers on
words where we randomly introduced errors to a word like isikolo ‘school’ but
recognise that the a human is likely to produce the spelling error siikolo where
the first two letters in the prefix are ordered incorrectly. We will describe the
process of creating misspellings in the following sections.

Experiment 2 focuses on the creation of a cross-language matrix to determine
the extent to which a model for one language can be used for another to serve
as spellchecker.

3.1 Training and testing datasets

We first convert sentence-level corpora to obtain character-level corpora for
model training in all Nguni languages: isiNdebele7, isiXhosa8, isiZulu9, and
siSwati10. Corpora for all languages were sourced from SADiLaR. The datasets
are processed in the following manner: removing the license statement from the
original files, splitting the sentences by whitespace to identify the words, split-
ting all words that are combined using an “/” character, and generating a new
7 http://rma.nwu.ac.za/index.php/resource-catalogue/
isindebele-nchlt-text-corpora.html

8 http://rma.nwu.ac.za/index.php/resource-catalogue/
isixhosa-nchlt-text-corpora.html

9 http://rma.nwu.ac.za/index.php/resource-catalogue/
isizulu-nchlt-text-corpora.html

10 http://rma.nwu.ac.za/index.php/resource-catalogue/
siswati-nchlt-text-corpora.html



6 Z. Mahlaza et al.

dataset where each line is made up of a single word where the characters are
space separated. The resulting dataset is used to train new language models.

To move beyond fixed thresholds for determining whether the output of the
language models is (in)correct, we developed a secondary dataset to train logistic
regression models for each language. These classifiers use the output probabilities
from our language-specific KenLM models to dynamically identify misspellings.
To obtain a dataset for training such models, we rely on the Nguni language por-
tion of the FineWeb [18] dataset. Specifically we use the training portion of the
Lombard dataset11. This process produced 144784 (isiNdebele), 187970 (isiX-
hosa), 226876 (isiZulu), and 265949 (siSwati) wrecked words that can be used
to train logistic regression models to differentiate between correct and incorrect
words, based on language model scores.

To wreck the words, we use a spelling wrecking script developed by the au-
thors, which generates typos using five error types. The wrecker takes correct
words from a corpus and then randomly applies one error per word. The sub-
stitution error replaces a character with a keyboard-adjacent key (e.g., ‘a’ into
‘s’, ‘q’, ‘w’, or ‘z’ based on QWERTY layout). Deletion removes a random char-
acter from the word and insertion adds either a keyboard-adjacent character or
duplicates an existing character at a random position. The transposition error
swaps two adjacent characters. The phonetic error type replaces characters with
phonetically similar ones common in African languages (b ↔ p, d ↔ t, g ↔ k,
v ↔ f , z ↔ s, c ↔ k).

We also create a small list of manually curated realistic spelling errors for
testing the entire pipeline. Moreover to generate robust quantitative results,
we use the test portion of the Lombard dataset. This process produced 2025
(isiNdebele), 210504 (isiXhosa), 222039 (isiZulu), and 7101 (siSwati) wrecked
words.

3.2 Language models

We used the training dataset to create 5-gram language models (i.e., starting
from unigrams up to 5-grams) using KenLM [9]. KeLM is a toolkit that imple-
ments a Probing data structure using linear probing hash table and the Trie
that is “a trie with bit-level packing, sorted records, interpolation search, and
optional quantization aimed at lower memory consumption”, together aimed a
efficient language model queries both in time and memory [9]. It does not provide
any pre-trained language models.

The newly created models are stored in the conventional ARPA format12
where, after listing the number of n-grams in the range 1-5, each line specifies the
token, its log probability, and the backoff weight to be used when accounting for
unseen sequences of tokens. For instance, when using isiZulu for demonstrative
purposes, the underlying language model has the following number of n-grams:
unigrams = 122, bigrams =3580 trigrams =27779, 4 grams = 94909, and 5 grams
11 https://huggingface.co/datasets/anrilombard/sa-nguni-languages
12 http://www.seas.ucla.edu/spapl/weichu/htkbook/node243_mn.html
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= 207476. It also has the following log probabilities and back-off weights, among
many: (token = ‘F’, log probability = -1.986898, backoff weight = 0.60098976)
and (token = ‘u’, log probability = -1.6911763, backoff weight = -1.0243318).
Using the example from Section 2 on ngibona, the relevant entries include the
following, among others: (-1.0848598 n g i -0.6555548) and (-0.43320304
n g i b o).

Each of the models can be used to generate a log probability for a word where
the value is bounded above by zero. Consequently, words containing errors typ-
ically exhibit significantly larger negative magnitudes. For instance, the isiZulu
word Isahluko ‘Chapter’ may have the log probability -5.3, which it has in our
computed model, and all its misspellings would be expected to have even lower
values, which is indeed the case for our model, including isahbluko (insertion er-
ror) has a log probability of -14.2 and isahlumo (substitution error) has as value
-8.68.

Since one of our goals is not to rely on a fixed threshold regarding the proba-
bility when determining whether a world is misspelled, we also investigate tech-
niques to dynamically detect errors and we discuss our approach in the next
section.

3.3 Detecting errors via logistic regression

Fixed thresholds for determining whether a word is misspelled based on the out-
put of the language models has the downside that it needs to be adjusted each for
each language and for each training corpus, which is prohibitive for reuse. There-
fore, we opted to devise a way to create models that can dynamically identify
the threshold. Specifically, we developed supervised binary classification models,
implemented via PyTorch13 to learn how to determine whether a model is mis-
spelled based on the log probabilities produced by the language models. The new
models are designed to map the scores obtained from each raw character-level
language model to a probability of correctness. We train the models using the
training portion of the Lombard dataset, annotated with scores computed by
the KenLM language models, to create a dataset where “correct” word scores
are labelled as positive samples and wrecked word scores are labelled as negative
samples. We train new models for each of the languages using stochastic gradient
descent and a binary cross-entropy loss function to refine the model’s weights.
Our configuration uses a learning rate of 0.01, a batch size of 16, and a total
number of 5 epochs per language.

3.4 Experiment 1: Baseline testing

The goal of this experiment is to measure the extent to which each language
model, and associated logistic regression model, can differentiate between correct
and incorrect words per language. We conducted this investigation by feeding
the 2025 (isiNdebele), 210504 (isiXhosa), 222039 (isiZulu), and 7101 (siSwati)
13 https://pytorch.org/
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wrecked words to their respective language models and computed the likelihood
score, and used the appropriate logistic regression model to ascertain whether
the models are (in)correct. When then established the performance of the model
pipelines using the precision scores (i.e, TP

TP+FP ), recall (i.e., TP
TP+FN ), and F1

(i.e., 2 · Precision·Recall
Precision+Recall ) for both the correct and incorrect words, summarised

using the usual notion of a confusion matrix where the formulae acronyms have
the following meanings: TP = true positives (correctly spelled and predicted
correct), FP = false positives (wrongly spelled but predicted correct), FN = false
negatives (correctly spelled but predicted incorrect), and TN = true negatives
(wrongly spelled and predicted wrong). We also calculated the error accuracy,
i.e., the percentage of misspelled words that are correctly identified for each error
type.

3.5 Experiment 2: cross-model testing

The second experiment is designed to determine whether a spellchecker for one
language can be effectively applied to a related language, as opposed to one
that is more distantly related. For example, given their closer linguistic prox-
imity and shared Zunda features according to the Guthrie classification (see
[12]), an isiZulu spellchecker may be better suited for isiXhosa than an siSwati
spellchecker would be. Consequently, this experiment evaluates the performance
variance of language tools within the Nguni group when used cross-linguistically.
For this experiment, we use the same dataset as experiment 1. We also compute
the precision, recall, and F1 scores for the (in)correct words, in the same way as
described in the previous section.

4 Results and Discussion

We first describe the quantitative results for same-language assessment, function-
ing as the baseline, and then for cross-language assessment. We then perform a
qualitative analysis in Subsection 4.3, focussing on elucidating the main cause(s)
of not reaching 100% accuracy.

4.1 LM performance on the same language

The performance of the models for each language is provided in Table 1. When
analysing the performance of the models, it can be established that the com-
bination of the language and logistic regression models obtains an average F1
score of 0.74 for incorrect words and 0.72 for correct words across the languages.
While all models are able to identify misspellings, to a reasonable extent, the
siSwati model exhibits lower performance when classifying incorrect words. This
pattern can also be seen when averaging the F1 scores for the (in)correct words
where siSwati has the lowest score (i.e., 0.69).

We calculated the accuracies of the model pipelines for each of the error types
and the results are given in Table 2. When focusing on the isiXhosa pipeline,
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Table 1. Metrics for Nguni Language spellcheckers for each language. Wrecked words
are labelled incorrect words and words without spelling errors are labelled correct
words.

Language Incorrect Words Correct Words

Prec Rec F1 Prec Rec F1 Avg F1

isiNdebele 0.724 0.797 0.759 0.774 0.696 0.733 0.746
isiXhosa 0.724 0.769 0.746 0.753 0.707 0.729 0.7375
siSwati 0.664 0.773 0.714 0.728 0.609 0.663 0.6885
isiZulu 0.730 0.792 0.759 0.772 0.707 0.738 0.7485

we see that the model performs best for insertion and transposition where the
pipeline obtains accuracies of 91% and 93% respectively. This pattern can be
observed for all languages where the pipelines perform best for transposition
and insertion error types.

Table 2. Percentage of correctly identified mispellings per error type

Error Type IsiZulu isiXhosa IsiNdebele siSwati

Substitution 0.8944 0.8796 0.899 0.8256
Deletion 0.6439 0.6105 0.6786 0.609
Insertion 0.9385 0.912 0.9497 0.9267
Transposition 0.9491 0.9295 0.9438 0.9143
Phonetic 0.5348 0.5138 0.5302 0.5925

4.2 Cross-lingual performance of the LMs

The cross-lingual performance results of the models are provided in Table 3.
The results indicate that, while all models successfully identify misspellings, the
geographical proximity between the Nguni group dictates cross-linguistic perfor-
mance. In particular, the siSwati model pipeline exhibits lower accuracy when
classifying incorrect words compared to the Zunda cluster (i.e., isiZulu, isiX-
hosa, and isiNdebele), which shows greater mutual performance. The greatest
F1 score 0.684 for siSwati is noticeably lower than the greatest scores for isiN-
debele, isiXhosa, and isiZulu. The same pattern can be observed for the correct
words.

For isiNdebele, isiXhosa, and isiZulu, the best performing model pipeline,
by F1 scores, is consistent across correct and incorrect words. For example,
when bootstrapping a model pipeline for isiNdebele, it is best to rely on an
isiZulu model pipeline instead of the other languages. The second best choice
is to rely on an isiXhosa model pipeline. In the case of siSwati, however, the
best performing pipeline to rely on when processing incorrect words is different
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from the best pipeline for correct words. This is demonstrated by the fact that
when processing incorrect words, it is best to rely on an isiNdebele model and
for correct words, it is better to rely on an isiZulu model. This implies that
depending on the chosen language model, there may be more false positives for
the two categories of words.

Table 3. Cross language performance metrics for Nguni spellcheckers. Highest scores
per language are highlighted in bold.

Language → Model Incorrect Words Correct Words

Prec Rec F1 Prec Rec F1 Avg F1

isiNdebele → isiXhosa 0.627 0.827 0.713 0.746 0.509 0.605 0.659
isiNdebele → isiZulu 0.649 0.814 0.722 0.751 0.559 0.641 0.6815
isiNdebele → siSwati 0.591 0.867 0.703 0.750 0.400 0.522 0.6125

isiXhosa → isiNdebele 0.621 0.844 0.716 0.757 0.485 0.591 0.6535
isiXhosa → isiZulu 0.654 0.810 0.724 0.751 0.573 0.650 0.687
isiXhosa → siSwati 0.576 0.873 0.694 0.738 0.357 0.481 0.5875

isiZulu → isiNdebele 0.649 0.847 0.735 0.780 0.542 0.640 0.6875
isiZulu → isiXhosa 0.642 0.834 0.726 0.764 0.536 0.630 0.678
isiZulu → siSwati 0.602 0.876 0.714 0.772 0.422 0.546 0.63

siSwati → isiNdebele 0.582 0.829 0.684 0.702 0.404 0.513 0.5985
siSwati → isiXhosa 0.577 0.821 0.678 0.690 0.398 0.505 0.5915
siSwati → isiZulu 0.592 0.801 0.680 0.692 0.447 0.543 0.6115

4.3 Qualitative analysis of false positives and negatives

Inspecting the false negatives of the incorrectly spelled words for the isiXhosa
dataset when using the isiZulu model, we observe a number of issues. First,
the wrecker does not work well for phonetic wrecking, where relatively many
‘wrecked’ words are the same string as the correct words (being 57% for isiNde-
bele, 53% for isiXhosa, 51% for isiZulu, and 51% for siSwati), and therefore the
checker evaluates ‘false’, i.e., determines (correctly) that it is a correctly spelled
word rather than the incorrect expected. Second, a good number of deletions
have a character deleted such that the wrecking has resulted in a different valid
word rather than a non-word. For instance, indlela ‘path’ (a.o.t.) is wrecked to
idlela ‘he/she/it eats for’, bonke ‘all’ (noun classes 2, 2a, 14) into onke ‘all’ (noun
class 6), and futhi ‘and’ and uthi ‘stick’ (a.o.t.). This issue appears much less of
a problem with the other three types of errors.

There are, of course, true negatives, such as kuth being incorrectly flagged as
not incorrect, whereas it should have been easy to detect it as incorrect because
very few words end in th. The latter holds likewise for, e.g., futh in the isiZulu
set itself. The spellchecker of Mjaria and Keet [14] (the Spellchecker.jar
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file in the .zip download from https://people.cs.uct.ac.za/~mkeet/files/
Spellchecker_final2.zip) also does not detect these words as having an er-
ror.14

We also observed a notable difference in word lengths regarding the model’s
ability to detect spelling errors. We analysed the lengths of the wrecked words,
categorized by whether the pipeline predicted them as correct or incorrect; the
resulting average lengths are reported in Table 4. Our findings suggest the model
performs effectively on longer words but struggles to accurately identify errors
in shorter ones.

Other language features, such as tonality [10], cannot be investigated with
this corpus-based language model at present, because it is not reflected in the
orthography of the Nguni languages. Investigating the effect of the corpus on the
F1 and accuracy scores is possible, but already know to affect the spellchecking
performance as shown by [15]. Future improvements in spellchecking perfor-
mance for this pipeline might be obtained with other LM generation algorithms
than KenLM, creating lists of syllables and include it in the training set, or
similar strategies.

5 Conclusions

The newly created pipeline for spellchecker generation with KenLM, a new
wrecker, and logistic regression for dynamic threshold setting performed well
on error detection accuracy for words in the language of the language model,
scoring 86% for isiZulu (average F1: 0.75), 83% for isiXhosa (average F1: 0.74),
87% for isiNdebele (average F1: 0.75), and 82% for siSwati (average F1: 0.69).
Cross-lingual spellchecking saw an average F1 score degradation that can be
small (among others, isiZulu text on the isiNdebele language model, isiXhosa
on isiZulu), and sometimes relatively substantial (siSwati on all three others,
down to around 0.6 average F1). In all cases, the F1 score is higher for detecting
incorrect words than for detecting correct words. We therefore conclude that the
bootstrapping and cross-lingual use approach can be feasible.

Future work involves controlled testing with other (very) low resourced lan-
guages in what are by various measures deemed close and distant languages (e.g.,
[21]) to gain a deeper understanding of the potential, improve the accuracy,
and proceed to new tasks and questions, such as determining actual common
misspellings in the Nguni languages. Also, we plan to collect more datasets to
investigate the problem in cases where the languages have similar dataset sizes.

Supplemental material. The materials have been anonymised for review and can
be downloaded from https://github.com/AdeebNqo/bootstrap-spellcheckers.
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14 The authors could not test them with the SADiLaR plugin, because none of the

authors have Windows to run the .exe nor a Virtual Machine with a compatible MS
Office installed.
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Table 4. Number of words by error type, and average word lengths for incorrect words
predicted to be correct and incorrect (Values rounded off).

Pred. as correct Predicted as incorrect
Error Type Number of words Avg Length Avg Length

IsiNdebele
Deletion 392 8 6
Insertion 398 9 7
Phonetic 430 9 7
Substitution 396 9 6
Transposition 409 8 6

IsiZulu
Deletion 44562 8 6
Insertion 44423 9 7
Phonetic 44497 9 7
Substitution 44290 9 6
Transposition 44267 8 6

IsiXhosa
Deletion 42162 8 5
Insertion 42296 9 7
Phonetic 42355 9 7
Substitution 41789 8 6
Transposition 41902 8 6

SiSwati
Deletion 1445 8 5
Insertion 1418 9 6
Phonetic 1416 9 7
Substitution 1422 9 6
Transposition 1400 8 5

Disclosure of Interests. The authors have no competing interests to declare that
are relevant to the content of this article.
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