Using Correspondence Patterns to Identify Irregular Words in Cognate
sets Through Leave-One-Out Validation
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Abstract

Regular sound correspondences constitute the
principal evidence in historical language com-
parison. Despite the heuristic focus on regular-
ity, it is often more an intuitive judgement than
aquantified evaluation, and irregularity is more
common than expected from the Neogrammar-
ian model. Given the recent progress of com-
putational methods in historical linguistics and
the increased availability of standardized lexi-
cal data, we are now able to improve our work-
flows and provide such a quantitative evalua-
tion. Here, we present the balanced average re-
currence of correspondence patterns as a new
measure of regularity. We also present a new
computational method that uses this measure
to identify cognate sets that lack regularity with
respect to their correspondence patterns. We
validate the method through two experiments,
using simulated and real data. In the experi-
ments, we employ leave-one-out validation to
measure the regularity of cognate sets in which
one word form has been replaced by an irregu-
lar one, checking how well our method iden-
tifies the forms causing the irregularity. Our
method achieves an overall accuracy of 85%
with the datasets based on real data. We also
show the benefits of working with subsamples
of large datasets and how increasing irregular-
ity in the data influences our results. Reflect-
ing on the broader potential of our new regu-
larity measure and the irregular cognate identi-
fication method based on it, we conclude that
they could play an important role in improv-
ing the quality of existing and future datasets
in computer-assisted language comparison.

1 Introduction

Recurring correspondence patterns are the corner-
stone of the comparative method and historical lin-
guistics (Anttila, 1972; Fox, 1995; Durie and Ross,
1996). They are built upon the definition of regu-
lar sound change as a process that occurs across the
whole lexicon in a specified set of contexts (Osthoff
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and Brugmann, 1878, XIII). However, regularity
is often more an intuitive judgement than a quan-
tified evaluation, and irregularity is more common
than expected from the Neogrammarian model of
language change (Ross and Durie, 1996; Nichols,
1996; Blust, 2022).

Previous computational approaches have used
instances of regular sound change to infer the cor-
respondence patterns of a comparative wordlist
(List, 2019) or to compare the regularity of datasets
before and after applying methods that alter the
correspondence patterns in the data (Blum and
List, 2023). Implicitly, they also form the basis
for automated approaches of reconstructing proto-
languages (List et al., 2023). Yet, the full utility
that regularity provides is rarely exploited.

Here, we present a new measure that evalu-
ates the regularity of correspondence patterns in a
standardized comparative wordlist. By computing
the balanced average recurrence of correspondence
patterns, we establish a score that can be used to
identify cognate sets without such recurrent pat-
terns. Through different normalizations, we can
also compare this measure across datasets. We il-
lustrate how this workflow can be used with a new
method that detects erroneous cognate judgements
in comparative wordlists. Our approach measures
the regularity of cognate sets and reports on the
cases with a low score. We can then implement a
leave-one-out validation and iterate through each
cognate set to identify those word forms whose
deletion improves the regularity of the cognate set.

2 Background

Sound change has been recognized as an over-
whelmingly regular process (Osthoff and Brug-
mann, 1878). If a sound change occurs in the lex-
icon of a given language at a certain point in time,
it usually affects all of the words that occur in a
particular phonetic environment, leaving almost no
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exceptions (Campbell, 1996). Based on this regu-
larity, scholars have developed methods for the re-
construction of proto-languages which are not at-
tested in written sources, but that can be inferred
through the systematic comparison of related lan-
guages. Those reconstructed languages can then be
used for further comparisons to establish genealog-
ical links between different language families.

Regularity of sound change is the core principle
of linguistic reconstruction. Linguists identify re-
curring correspondence patterns through the anno-
tation and alignment of cognate sets, that is, sets of
related words in a language family (Anttila, 1972;
Fox, 1995). Those recurring correspondence pat-
terns build the basis for the reconstruction of proto-
phonemes. Due to the regularity of those patterns,
they can also be used for predicting reflexes in lan-
guages where we have no explicit evidence of the
lexical form. Such approaches have been used for
targeted fieldwork (Bodt and List, 2021) or testing
hypotheses of genealogical relationships between
language families (Blum et al., 2024a). The regu-
larity of correspondence patterns also provides the
arguments to distinguish chance similarity or bor-
rowings from true genealogical descent.

The regularity of sound change doesn’t describe
dogmatic laws, but rather the definition of a spe-
cific type of sound change that differs from irreg-
ular forms of change such as analogy and borrow-
ings (Hoenigswald, 1978; Labov, 1981). Those are
considered to be of minor importance to the over-
all regularity, which keeps forming the basis for
linguistic reconstructions (Ross and Durie, 1996;
Campbell, 1996). The cognate annotation for re-
lated languages based on the regularity principle
is still considered the state-of-the-art for histori-
cal linguistics. It’s applications in the 21st cen-
tury include the manual reconstruction of proto-
phonemes (Zariquiey et al., 2026), the relative
dating of sound changes (Fries and Korobzow,
2024), the prediction of cognate reflexes (Blum
et al., 2024a), and the preparation of comparative
wordlists for various computer-assisted methods
(Wu et al., 2020; Blum et al., 2024b).

Within computer-assisted workflows, compara-
tive wordlists annotated for cognate sets are also
used in phylogenetic studies that infer the tempo-
ral dimension of the diversification of language
families, as well as their internal classification
(Greenhill et al., 2020). Comparative wordlists
can be built in a standardized way using the Cross-
Linguistic Data Formats (CLDF, Forkel et al.
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(2018)). The standardization includes linking lan-
guages to Glottolog (Hammarstrom et al., 2024)
and phonetic segments to the Cross-Linguistic
Transcription Systems (List et al., 2024). The
standards established for LexiBank datasets (List
et al., 2022; Blum et al., 2025a) also allow for a
transparent annotation of cognate sets. For exam-
ple, such cognate-annotated wordlists have been
used to study the history of Austronesian (King
etal.,2024), Bantu (Grollemund et al., 2015), Indo-
European (Heggarty et al., 2023), Mixtecan (Au-
derset et al., 2023), Sino-Tibetan (Sagart et al.,
2019), Uto-Aztecan (Greenhill et al., 2023), and
other language families. However, no computa-
tional methods exist to evaluate the presented cog-
nate coding, and more often than not, the data is
taken as granted by reviewers and readers. This is
problematic in many ways, since different interpre-
tations of the same data often co-exist (Anderson
et al., 2025; Kassian and Starostin, 2025), and the
data should be considered a fundamental part of
any statistical model (McElreath, 2020). Howeyver,
ithas not really been defined how the regularity can
be measured, and how individual cognate sets can
be evaluated with computer-assisted methods.

3 Materials and Methods

3.1 Cognate-Coded Comparative Wordlists

For our study, we use 20 datasets from LexiBank
v2.1 (Blum et al., 2025a). The datasets are avail-
able in the Cross-Linguistic Data Formats (Forkel
et al., 2018), and are mapped to Glottolog (Ham-
marstrom et al., 2024), Concepticon (List et al.,
2025), and CLTS (List et al., 2024). The sam-
ple is part of the CogCore subset of LexiBank,
which only includes datasets with manually anno-
tated cognacy. We analyse the majority language
family of each dataset and preprocess the data via
LexiBench (Héauser et al., 2025), which provides a
number of modifiable thresholds. We have only in-
cluded datasets with at least ten languages from the
same family and a minimum number of 140 con-
cepts mapped to Concepticon (List et al., 2025).
We present the resulting 576 languages from 19
language families in Figure 1, and the number of
languages and cognate sets per dataset in Table 1.
One problem for the development of methods
that exploit the regularity of correspondence pat-
terns is the lack of datasets with manual align-
ments. The only datasets in our sample that include
such manual alignments for the whole comparative
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Figure 1: Map of all languages in the sample coloured per dataset.

wordlist are CrossAndean (Blum et al., 2023) and
BlumPanotacana (Blum et al., 2024b). Tests on
large benchmark datasets have shown that multiple
phonetic alignment algorithms work rather well,
achieving about 88% of identical columns on con-
siderably divergent cognate sets (List, 2014). The
benchmarks on which these algorithms were tested,
however, did not reflect the kind of data that we ob-
serve in comparative wordlists, but rather consisted
of hand-selected cognate sets from closely related
dialect varieties. As a result, we expect that au-
tomated alignment methods serve as an additional
source of irregularities in the data, since the data in
comparative wordlists often comes from languages
that not as closely related as the sampled dialect va-
rieties on which the algorithms have been tested.

3.2 Measuring Regularity

Following the major findings made by linguists
in the beginning of the 19th century, we know
that sound change proceeds in an overwhelmingly
regular manner (Osthoff and Brugmann, 1878;
Hoenigswald, 1978). So far, however, quantita-
tive measures for this particular regularity are lack-
ing. A valid regularity measure for comparative
wordlists must account for three domains, in which
different notions of regularity play an important
role. First, there are individual correspondence
patterns. These are abstract representations of the
columns (sites) of all alignments of the cognate
sets in a given comparative wordlist. Based on
their mutual compatibility, the individual align-
ment sites can be grouped together into correspon-
dence patterns (List, 2019). The alignment sites
that constitute a correspondence pattern can be
counted directly, and we assume that regularity of
individual patterns can be represented through fre-
quency. Second, there are the cognate sets, which
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are groups of words that were found to be related.
The segments within each cognate set can be pho-
netically aligned, creating the alignment sites men-
tioned above. For each cognate set, we would like
to measure how regular the combination of indi-
vidual correspondence patterns underlying a par-
ticular alignment is compared to other alignments
in the same dataset. Third, there is the dataset as
a whole, which should display a certain balance,
both in the number of regular cognate sets and the
number of regular correspondence patterns.

The grouping of alignment sites into correspon-
dence patterns is shown in Figure 2. Here, we see
the cognates from four artificial languages for three
different semantic concepts. The segments in all
cognate sets are aligned phonetically. The individ-
ual columns (alignment sites) are then grouped into
correspondence patterns based on their compatibil-
ity. For example, pattern I has the same reflex /k/ in
all languages. In the case of concept B, the missing
value for Language 4 is imputed based on the com-
patibility of the individual sites (List, 2019). Sim-
ilarly to pattern I, pattern II features /n/ in all lan-
guages, with an imputed value in Language 4 for
Concept B. Pattern III is distinguished from pat-
tern I based on the contrastive reflex in Language
1, where we have /x/ (III) instead of /k/ (I).

For our analysis, we assume that cognates, align-
ments, and correspondence patterns have been in-
ferred or computed in advance. Correspondence
patterns are represented as a tuple of the length of
the language varieties in a given wordlist. For each
language, either the sound that would be expected
in a regular alignment site is listed, or a specific
symbol for missing data, in case the pattern cannot
be fully resolved. Patterns are linked to individual
alignment sites. In turn, the alignment sites can
be linked to one or more patterns. Since the indi-



[ Dataset | Family | Source | Languages | Concepts | Cognates |
BlumPanotacana Pano-Tacanan Blum et al. (2024b) 17 419 487
BowernPny Pama-Nyungan Bowern (2024) 175 238 2171
ChaconBaniwa Arawakan Chacon (2024a) 14 217 263
ChaconTukanoan Tucanoan Chacon (2024b) 16 141 141
CrossAndean Quechuan Blum et al. (2023) 34 150 245
DunnAslian Austroasiatic Dunn (2024a) 31 145 369
Dunnlelex Indo-European Dunn (2024b) 20 205 485
FelekeSemitic Afro-Asiatic Feleke (2021) 21 150 273
GerardiTupi Tupian F. Gerardi and Reichert (2024) 37 243 395
LeeAinu Ainu Lee and Hasegawa (2025) 19 195 289
LeeJaponic Japonic Lee and Hasegawa (2024) 56 197 382
LeeKoreanic Koreanic Lee (2024) 14 206 230
LiuSinitic Sino-Tibetan Lili et al. (2024) 19 202 306
MixtecanSubgrouping | Otomanguean Auderset and Greenhill (2024) 84 224 436
OskolskayaTungusic Tungusic Oskolskaya et al. (2022) 21 254 498
RobbeetsTriangulation | Mongolic Robbeets (2025) 15 253 415
RobinsonAp Timor-Alor-Pantar | Robinson and Holton (2024) 13 217 256
SavelyevTurkic Turkic Savelyev and Robbeets (2024) 31 254 508
SidwellVahnaric Austroasiatic Sidwell (2024) 24 199 402
‘Walworthpolynesian Austronesian Walworth (2024) 31 210 511

Table 1: The datasets used for the experiment, including their number of languages, concepts, and cognate sets.

Concept A Concept B Concept C
I V II V III I V | II| V ITT vV | I V II
Languagel | k | a | n | o | x k | e | n| a X | o e | n
Language?2 | k | a | n | o | k k |i|n | a k| o|k|i]|n
Language3 | k | a | n | o | k k |i|n| a k| o|k|i]|n
Language4 | k [ a | n | o | k g | 0|0 | 0 k|o|k|i|n

Figure 2: Artificial example for three cognate sets across four languages with their aligned segments. The columns
are numbered and coloured according to their correspondence patterns. The vowel patterns are not further distin-
guished since all examples in the text refer to the patterns I-II1.

vidual alignment sites may show varying amounts
of missing reflex sounds in individual languages
— given that cognate sets are rarely present in all
languages of a family — they may show differential
compatibility with alternative correspondence pat-
terns (see List 2019 for details).

Our workflow for measuring the regularity of
correspondence patterns in comparative wordlists
consists of three steps. The starting point is an
individual cognate set, represented as a phonetic
alignment. This was illustrated in Figure 2. In the
first step, we iterate over all sites in the alignment
and identify all its compatible correspondence pat-
terns. For each site, we select the pattern that is
compatible with the highest number of individual
alignment sites. This number reflects the recur-
rence across sites of the pattern. Calculating this
recurrence for all sites of a given alignment yields
a list consisting of the individual site recurrence
scores, one for each column. To quantify the regu-
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larity of a given cognate set, we first log-transform
all individual recurrence scores and then compute
the mean. This transformation helps to balance
out potentially skewed distributions that may re-
sult in those cases where one pattern has a high re-
currence score while all other patterns occur only
once. If we take, for example, an alignment of
four sites, with a site recurrence of [1 1 1 15],
it would yield a higher absolute mean (4.5) than
an alignment with a site recurrence of [2 2 2 2]
(2). Taking the mean of the log-values will result in
ranking the second set higher instead (0.67 vs 0.69).
We can then take the exponential of this mean to
arrive at a log-balanced average recurrence of indi-
vidual sites within the cognate set (1.97 vs 1.99).

The third domain, regularity in the overall
dataset, comes with an additional complication.
Datasets differ in size with respect to the number of
languages, concepts, and cognate sets they contain.
In order to compare for regularity across datasets,
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we need to normalize the data. The first step here is
to normalize the recurrence of each site through the
total number of sites in the data. The normalized
value is then log-transformed. In order to reach a
regularity score that is comparable across datasets,
we can take the exponential of the mean of the log-
arithm of the normalized values. This score de-
scribes the balanced average recurrence of a site
within the dataset, and can be compared across
datasets. The steps to reach this score can be sum-
marized as follows: (1) counting the recurrence of
alignment sites in the data, (2) normalize the count
by the total number of sites, (3) log-transform the
recurrence, and (4) take the exponential of mean of
the log-recurrence (see Figure 3).

According to our new regularity measure, we
can observe in Figure 3 that three datasets in
our sample are far more regular than the others:
CrossAndean, BlumPanotacana, and LeeAinu.
What sets the first two apart qualitatively is that
they are the only datasets for which we have man-
ual alignments of the cognate sets. The fact that
they score higher with respect to the recurrence of
correspondence patterns is thus at least partially a
display of the careful annotation of the data. An-
other important factor seems to be that in the first
and the third dataset, the languages are very closely
related. In those cases, irregularities are less likely
to arise. With increasing distance between the lan-
guages, the irregularity in cognate sets tends to in-
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crease, since there is more time for sporadic and
irregular changes to occur.

The correspondence pattern measure suffers
from another particular problem: with increasing
language numbers, the methods will produce fewer
and fewer regular correspondence patterns, since
each language that is added to the selection may
contain individual irregularities that then sum up
to global irregularity. We will showcase this issue
with simulated data. Another reason for the prob-
lem of apparently increasing irregularity is that cor-
respondence patterns are not identical with proto-
sounds, since individual regular sound changes
may lead to a situation where one original proto-
sound diversifies into several correspondence pat-
terns. As a result, adding more languages to the
comparison will almost always increase the num-
ber of correspondence patterns, due to individual
sound changes that happen across branches.

3.3 Identifying Irregular Words

We confirm the utility of our measure through a
new computational method that detects irregular
words in cognate sets. For this purpose, we set
up two experiments. In both experiments, we re-
place a single word form from an existing cog-
nate set with a randomly generated irregular word.
While the first experiment uses simulated regular
data, the second experiment injects irregularities
into real comparative wordlists (see Dessimoz et al.



2008 for this technique in the context of lateral
gene transfer in biology and List 2015 for an ap-
plication in the context of language contact in lin-
guistics). In both experiments, we apply our new
method to identify the most irregular form in a cog-
nate set. In the experiment with the simulated data
we show how pre-existing irregularity in correspon-
dence patterns affects the accuracy of our method,
and in the second we show how the method can suc-
cessfully identify artificial forms that were injected
into real cognate sets.

For the replacements, we first create a dictionary
for each language that stores all its consonants and
vowels. Then, we replace a randomly chosen word
form in 20% of the cognate sets of each dataset.
We replace each segment with a random entry from
the dictionary for that language that is different to
the original one, ensuring a form that has different
segments than the original word form.

The basic workflow of our identification method
is a leave-one-out validation. Within each of the
cognate sets in the data where we have replaced
a word form, we iterate through all its alignment
sites and run the leave-one-out validation to com-
pute the regularity. One word form at a time, we set
the reflexes within the alignment to /@/ and verify
whether the altered alignment site can be matched
to a compatible correspondence pattern in the data
with higher recurrence than previously. By repeat-
ing this iteration for all alignment sites, we can
identify the word form whose exclusion leads to
the highest gain in regularity for that cognate set,
measured as the average log-recurrence of its align-
ment sites. This identification directly relates to
the second domain of regularity described above,
which compares the average log-recurrence of sites
between two cognate sets. We then verify whether
the chosen form is the one which we have injected
into the cognate set to evaluate the accuracy of our
method. Both the replacement workflow and the
evaluation are identical in both experiments.

3.3.1 Simulating Irregular Data

We use simulated data to show how pre-existing ir-
regularity within comparative wordlists affects our
method of identifying irregular word forms in cog-
nate sets. For this purpose, we run code that sim-
ulates proto-forms for 200 concepts, based on a
phoneme inventory including four vowels and ten
consonants, and a CVCV syllable structure. For
each of the ten simulated daughter languages, we
simulate O to 2 regular phoneme mergers, each in-
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Sample Form Sound Changes
A r a 1 a/| *el *al>/a
B r a | e
C r e 1 e| *el *al>/el
D r a k e | *k/ *N >/Kk/
E r a 1l e
F r a | e
G jo1 1 e | ¥l *al > il 2, kil >
H r a 1 1| *el *il >/l
I w a1 1| *el *il >/l *Iwl, *I/>Iw/
J r a |l e

Table 2: Phonetic alignments for word forms across ten
simulated languages with random phoneme mergers for
some languages.

volving the random selection of two phones from
the vowel or consonant inventory. This ensures
that we don’t have any form identity in the cognate
sets of the simulated data. The correspondence pat-
terns are still fully regular, since we have the con-
trol over the data-generating process and apply all
changes in all relevant instances. While neither the
full regularity nor the sampled sound changes are
a realistic scenario for real linguistic data, it allows
us to verify the method in a controlled environment
that involves an initial level of complexity. One
such simulated cognate set is presented in Table 2.
For the experiment, we run ten different settings
where we randomly replace between 5% and 50%
of phones in the data. This leads to an artificial
decrease in the overall regularity of the dataset
through injecting random irregularities into the
cognate sets, giving us a first indication how pre-
existing irregularity in a comparative wordlist af-
fects the inference of correspondence patterns.

3.3.2 Injecting Artificial into Real Data

The second experiment uses the 20 comparative
wordlists presented in Table 1. All datasets include
manually annotated cognate sets provided by the
original study authors. The correspondence pat-
terns are inferred using a subsample of languages
from each dataset. We distinguish two settings:
one that samples five languages, and one that sam-
ples ten. This step ensures comparability across
datasets, which widely differ in the number of lan-
guages they feature. In order to compare the influ-
ence of this subsampling, we implement 100 runs
for each dataset in each experimental condition and
compare the distribution of the accuracy. In total,
this results in 4,000 experimental trials.

This method has one big challenge: as we have
already seen in Figure 3, the datasets are not per-
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of phones (x-axis) to simulate different levels of irregularity in comparative wordlists.

fectly regular to begin with. The contrast with the
simulated data shows that the real world of sound
change is messy, and we do not expect our method
to work perfectly. But once the task is defined, we
can work on improving the methods and seek ways
to counterbalance the factors contributing to the ir-
regularity in the datasets. We will come back to
this topic in the conclusions.

3.4 Implementation

We create Python code with a new dedicated pack-
age that provides the functionality for regularity
computation. Cognate sets are already provided
along with the individual cognate sets in our data
sample. Where missing, phonetic alignments are
computed with the help of the SCA algorithm (List,
2014), implemented in LingPy (List and Forkel,
2024). Correspondence patterns are inferred with
the help of the CoPaR algorithm (List, 2019), im-
plemented in LingRex (List and Forkel, 2022). All
code and data needed to reproduce the results pre-
sented here are linked in the Data Availability
Statement.

4 Results

4.1 Experiment with Simulated Data

In the first experiment we analyze the simulated
data. This experiment not only shows how our
method works in principle, but also how irregular-
ity in the data affects its accuracy. The results for
this experiment are presented in Figure 4.

The hypothesis that the accuracy of the method
decreases with increasing irregularity in the data
holds. Even for the otherwise perfectly regular
data, accuracy drops to ~90% when replacing 10%

81

of phones. Starting at around 40% of replaced
phones, our method drops below 10% accuracy
on average. This indicates that the success of our
method heavily depends on the initial regularity
of the dataset. The less regular our dataset is in
general, the more difficult it becomes to correctly
identify the irregular forms. This simulation shows
the complexity of the task once irregular correspon-
dence patterns, expected to be abundant in the real
data, creep in. But it also shows that our new mea-
sure can be applied successfully within computa-
tional methods that compare the regularity of com-
peting alignment sites.

4.2 Replacing Sounds in Real Data

In the second experiment, we use 100 random sub-
sample of five and ten languages for all 20 datasets.
In each subsample, we replace one lexical word
form in 20% of the cognate sets and verify whether
our method correctly identifies the replaced form.
The results for the experiment are presented in Fig-
ure 5. Our method reaches an overall accuracy
of 85%, with the dataset means varying between
52% and 99%. This shows that the success of
the method is largely dependent on the individual
dataset. The results also show that the individual
runs show a great variability in accuracy, indicat-
ing that the language sample and choice of cognate
sets are important factors.

For all datasets, sampling only five languages
instead of ten provides a considerable improve-
ment in accuracy, confirming the potentially devas-
tating impact of accumulating irregularities. The
average accuracy for the five-language sample is
87.8% (020%), dropping to 79% (017%) for the
10-language sample. This confirms that the reg-
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ularity in the data is higher with fewer languages 5§ Conclusions

sampled, most likely because there are fewer in-

dividual reflexes disturbing the regularity of the The regularity of language change is a complex
correspondence patterns. The more languages we phenomenon to which computer-assisted language
have in the data, the more possibilities for a sin- ~comparison contributes a novel, quantitative per-
gle irregular site that disturbs the patterns arise. spective. ~ We have presented a new measure
From this perspective, every additional languageis ~ that evaluates the average recurrence of corre-
another potential source for irregularities in align- spondence patterns in standardized comparative
ment sites. We have seen a similar phenomenon ~ Wordlists.  In contrast to previous implementa-
with the simulated data. The more irregularity we tions, this measure balances out several of the com-
find within individual cognate sets, the more diffi-  Plexities of correspondence patterns — like their

cult it is to identify the injected irregular form. skewed distribution and the number of languages
in the comparative wordlist — and is comparable

The same datasets top the accuracy that also across datasets. We have implemented this mea-
showed the highest regu]arity in Figure 3 to begin sure within a new computational method that suc-
with: CrossAndean (99%), LeeAinu (99%), and  cessfully identifies irregular cognate sets and iden-
BlumPanotacana (95%). At the other end of the  tifies those words that should potentially be ex-
scale, there are two datasets that stand out with re-  cluded from the set. Two experiments using sim-
spect to the lowest amount of accuracy in the exper- ulated and real datasets confirm the utility of the
iment: BowernPny (53%) and DunnIelex (55%). new measure and highlight different aspects of ir-
They are the only datasets with an overall aver-  regularity in comparative wordlists.
age below 70%. Arguably, both include some of In the first experiment, using simulated data,
the most distantly related individual languages in ~ our method reaches over 90% accuracy when ran-
our sample. BowernPny is also by far the largest ~ domly replacing up to 10% of the phones from the
dataset in the sample and represents one of the lan-  correspondence patterns. With increasing irregu-
guage families where automated approaches to lan-  larities, the accuracy of our method decreases un-
guage affiliation fail to achieve a large accuracy as  til dropping below 10% at 40% of replaced phones.
well (Blum et al., 2025b). But the exact reasons  The situation is different with the real datasets,
why they perform worse cannot be answered here. ~ where we find substantial differences between in-
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dividual datasets. Those differences are influenced
by the overall regularity in the dataset, as well as by
the degree of relatedness between the languages in
the data. On average, our method reaches 87.5% of
accuracy when sampling five languages. The accu-
racy is lower when more languages are sampled.

There are many sources for irregularity, ranging
from annotation errors, inconsistencies in the align-
ment algorithm, up to borrowings, or sporadic and
irregular forms of sound change. Having identified
the challenges, we can now focus at resolving them.
First, we need to increase the data quality. While
phonetic standardization through CLDF is a great
first step, we need datasets that have also been man-
ually aligned by experts. This will lead to an imme-
diate increase in the regularity of the data, since
no irregular patterns are introduced through auto-
mated alignment. Manual alignments could also
lead to improved cognates, increasing in turn the
regularity of alignment sites in the data, and result-
ing in better proto-language reconstructions.

We have also shown that sample size and lan-
guage choice matter. The large deviations from the
mean in the different experiment runs indicate that
the accuracy heavily depends on the fact which lan-
guages and cognate sets have been sampled. The
results also change with respect to how many lan-
guages are sampled, and the role of sample size in
this kind of task will likely be a focal point of inter-
est in the future. Through a more detailed analysis
of this aspect, it should be possible to identify the
individual languages which lead to an increased ir-
regularity. These are likely the languages which
represent key information for the history of the lan-
guage family, since they might feature retentions
and innovations not observed in other languages.
By understanding which languages are especially
complex in relation to the correspondence patterns
can thus be of large benefit to historical linguists
and provide important insights into the history of
individual language families.

Our measure also provides a basis for additional
applications. Regularity of cognate sets can and
perhaps should be a commonly used tool for eval-
uating data in computer-assisted language compar-
ison. For example, it could be used within com-
putational methods that evaluate the cognate cod-
ing used for phylogenetic analysis and improve the
cognate coding within such datasets. It could also
point readers or reviewers to possibly problematic
cognate judgements which require further explana-
tion. It can also be used to help the traditional

&3

reconstruction of language families by evaluating
cognate judgements in the same way. We present
such an application as part of our package, based
on the leave-one-out comparison from the experi-
ments. Another pathway can be the extension of
the analysis to correspondence patterns involving
proto-phonemes, and to identify those cognate sets
that deviate from the proposed patterns.

Limitations

The main limitation is the availability of manually
curated data for alignments, since the alignment of
cognate sets is the crucial step previous to the in-
ference of correspondence patterns. While there
exist several datasets with manually annotated cog-
nacy, there is only a handful of datasets with man-
ual alignments. Another limitation is that the can-
didate selection of our method only works if there
is exactly one entry causing the irregularity. While
our method can always identify the irregular cog-
nate sets, the leave-one-out methodology can only
capture improvements if leaving out a single word
forms leads to an increased regularity of a cognate
set. If there are two irregular segments within the
alignment, then no such improvement will be ob-
served. In those cases, our method will be able to
highlight the low regularity of the cognate set, but
not be able to identify the word form(s) causing it.
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