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publicly available at present and compare the amount of cognate data
with the available masses of molecular data. Then, we outline the
drawbacks of the standard binary cognate data representation and
introduce an alternative representation that alleviates some of these
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evolutionary models for this novel representation. We implement the
model and investigate its behavior. In addition, we conduct an
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orthogonal experiment to investigate whether machine learning- Any reports and responses or comments on the
based approaches can be used for cognate data. article can be found at the end of the article.
Results

Our experiments show that our newly introduced models can
currently not be applied, as they exhibit clear indications for
overparameterization due to the small size of the available cognate
datasets. We demonstrate that, for the same reason, the applicability
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of emerging machine learning-based approaches to cognate data is
highly limited.

Conclusion

We conclude that it is necessary to collect more data, investigate
potential data sources, and also consider alternative types of data.
Historical linguistics will be able to benefit from recent advances in
phylogenetics if the amount of available datasets can be substantially
increased, both, in terms of number of datasets, and dataset sizes.

Plain Language Summary

Scientists working on phylogenetics aim to construct phylogenetic
trees that represent the evolutionary relationships between different
species. Numerous computational tools exist for reconstructing these
relationships. Some of these tools rely on sophisticated mathematical
models or machine learning-based approaches. Such tree
reconstruction methods can be applied because large amounts of
molecular data are available due to advances in biological wet-lab
sequencing techniques. Phylogenetic trees also play an important role
in historical linguistics, where they represent the evolutionary
relationships between languages rather than between species. It is
comparatively straight-forward to apply the tree reconstruction
methods used for biological data to linguistic data. However, the
datasets that are being analyzed in historical linguistics need to be
manually assembled (and not automatically by a DNA sequencing
device) and are therefore smaller in size and numbers. We introduce a
new approach for encoding language data for phylogenetic inference
and for modeling the process of language evolution. By means of
computational experiments we show however, that the currently
available linguistic datasets are too small to apply this novel approach.
In another experiment we demonstrate that machine learning
approaches can also not be transferred from molecular phylogenetics
to historical linguistics without restrictions. Our work shows that the
field of historical linguistics needs to generate substantially more data
in order to use more involved approaches for reconstructing the
evolutionary history of languages.

Keywords

Phylogenetic Inference, Historical Linguistics, Maximum Likelihood,
Evolutionary Model, Cognate Data, Machine Learning, Phylogenetic
Difficulty
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[[13789) Amendments from Version 2

In this version, we add a short paragraph about data inclusion
criteria and remove an inconsistency in the description of the
results of the cross validation study.

Any further responses from the reviewers can be found at
the end of the article

1 Introduction

Computational phylogenetic methods are by now routinely
deployed in the field of historical linguistics. While phyloge-
netic methods can be applied to different types of linguistic input
data (Dediu & Cysouw, 2013), cognate data are most widely
used. Each cognate dataset relies on a concept list, such as the
Swadesh-100-List (Swadesh, 1955), for instance. When assem-
bling data for a specific language, linguists attempt to iden-
tify a commonly used every-day word for each concept that
describes the specific concept as accurately as possible (Dunn,
2013). This data collection process substantially differs from the
largely automated data generation process in molecular biology.
Hence, linguistic datasets are substantially smaller in size and
number (see Section 2).

Phylogenetic inferences on cognate data have predomi-
nantly been conducted via Bayesian Inference (BI) methods
(Heggarty et al., 2023; Kolipakam et al., 2018; Sagart et al.,
2019), but Maximum Likelihood (ML) based tree inferences have
been used as well (Jdager, 2018), in particular for reconstruct-
ing extremely large language trees. Note that, ML and BI both
rely on exactly the same type of phylogenetic likelihood cal-
culations. Cognate data are typically encoded as binary
character matrices (Hduser et al., 2024a) which are subsequently
provided as input to phylogenetic inference tools.

Despite its simplicity, this binary representation also exhib-
its some drawbacks (see Section 3.1). This raises the question if
cognate data can be encoded in a more sophisticated manner,
which will in turn also require a distinct evolutionary model.
We introduce such a representation along with appropriate
evolutionary models. These models however comprise more free
parameters that in turn, as we show here, will require a larger
amount of cognate data to be reliably estimated in order to
circumvent overparametrization.

In addition, numerous recent methodological advances in
molecular phylogenetics rely on machine learning methods
(Azouri et al., 2021; Haag et al., 2022; Nesterenko et al., 2024;
Trost et al., 2024). We show that larger datasets will also be
required to apply these advances to language data.

We conclude that recent advances in molecular phylogenet-
ics, such as more sophisticated and parameter-rich models as
well as machine learning-based approaches, can currently not
be applied to cognate data, and we also advise against doing
so. To move forward, we therefore recommend to focus on
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acquiring more data before further improving language tree
inference methodology.

The remainder of this paper is organized as follows: In Section 2
we first provide an overview of the currently available amount
of cognate data and compare it to the available amount of
molecular data that is several orders of magnitude larger.
We also analyze how the respective linguistic and molecular
datasets differ with respect to their information content. Then,
we introduce our novel representation for cognate data and the
corresponding evolutionary models. We analyze the performance
of these models on existing cognate data and demonstrate
why more data is required to deploy these more complex
(parameter-rich) models in linguistics (Section 3). Using the
example of Pythia (Haag et al., 2022), a machine learning-based
tool for molecular phylogenetics, we conduct experiments
illustrating that the amount of cognate data currently available
is insufficient for training even comparatively simple machine
learning based approaches (Section 4).

2 Available data

To illustrate the aforementioned cognate data sparsity, we ana-
lyze the available amount of manually assembled cognate data
and compare it to the amount of available molecular data. To
this end, We use the cognate datasets published in Lexibench
(Héuser & List, 2025) which comprises a collection of appro-
priate benchmark data. We consider these datasets to exhibit
high data quality and therefore be suitable for phylogenetic
inference. In DNA data, each column corresponds to a specific
character position in the genome, whereas in cognate data, a
group of binary columns represents a concept (Hiuser er al.,
2024a). Therefore, for comparing the amount of information
in the datasets, it does not suffice to count the number of
columns in the character matrices. Instead, we calculate the
per column Shannon entropy (Shannon, 1948) and sum it
over all columns in the character matrix. The distribution of
these entropies for the Lexibench datasets is illustrated in
Figure 1. In the plot, the x-axis corresponds to the entropy
of a character matrix calculated as described above. The
y-axis gives the number of Lexibench datasets with the respective
entropy value.

In the following, we conduct a comparison with molecu-
lar data. For this purpose, we use a set of 10,406 DNA char-
acter matrices that were published as part of research papers
and submitted to the TreeBase (Piel et al., 2009) repository
by evolutionary biologists. Note that TreeBase only contains
a minuscule fraction of the overall amount of molecular data
available. The EvoNaps (Reden, 2023) database created for
machine learning and data exploration purposes comprises
more than 29,000 biological character matrices. Additionally,
new DNA character matrices can seamlessly be automatically
assembled using data provided by the National Center for Bio-
technology Information (NCBI, https://www.ncbi.nlm.nih.gov/).
In our experiment, we determine the entropy of each character
matrix in TreeBase as described above. We provide the entropy
distribution in Figure 2. The corresponding Python script is
available online (Hiuser, 2025a [Code]).
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Figure 1. Distribution of entropies for the Lexibench datasets. The x-axis gives the entropy of a character matrix, which we obtain as the
sum over the per-column Shannon entropies. The y-axis corresponds to the number of Lexibench datasets with the respective entropy
value.
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Figure 2. Distribution of entropies for DNA character matrices in TreeBase. The x-axis gives the entropy of a character matrix, which we
obtain as the sum over the per-column Shannon entropies. The y-axis corresponds to the number character matrices in TreeBase with the
respective entropy value. Note that there are 193 character matrices with an entropy exceeding 10,000, which are not included in the plot
for improved visualization.

First, we observe that there is a substantially larger number lack the necessary amount of cognate data for any machine
of molecular datasets available, even when restricting our- learning endeavors.

selves to TreeBase. This is particularly important for the

application of machine learning methods where large quantities The entropy ranges of the datasets are similar for both DNA
of datasets are required as training data. We currently simply data and cognate data. In particular, the cognate datasets do
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not yield higher entropy values. This indicates that appropriate
models of language evolution should not comprise more free
parameter than models of DNA evolution. It is therefore not
possible to apply very complex approaches for modeling the
evolution of languages’ vocabulary, given the available amount
of cognate data.

3 Modeling cognate data

To conduct phylogenetic inference on cognate data, they need
to be represented in an appropriate manner. Further, a substi-
tution model is required to describe the underlying evolution-
ary processes for such a data representation. In the following
we introduce a novel data representation and corresponding
novel substitution models that are tailored to cognate data. We
initially motivate this endeavor in section 3.1. Next, we formally
describe cognate data and its standard binary representation
(see Section 3.2.1). We then go into detail concerning the novel
bit-vector based representation Section 3.2.2) and we outline the
fundamental assumptions we make to describe the evolutionary
process of this data type (see Section 3.2.3). In Section 3.3,
we initially explain the standard substitution models used in
our experiments. Then, we define two new substitution mod-
els that are tailored to our bit-vector-based representation of
cognate data. In Section 3.4, we introduce the data we use for
our computational experiments. For comparing results inferred
under different models, we use the AIC (Akaike Information
Criterion) score (see Section 3.5). In Section 3.6 we present
the results of our experiments. First, we analyze the param-
eter estimates resulting from the newly introduced models
in (Section 3.6.1), before we compare all models under
study to each other (see Section 3.6.2). Our observations
motivate a detailed examination of the properties of the input
data (Section 3.6.3) which indicate, that the newly intro-
duced models might be overparametrized. We substantiate this
assumption via a cross-validation study presented in Section 3.7.
We conclude and discuss our results in Section 3.8.

3.1 Motivation

Cognate data are typically encoded via binary character
matrices (see Section 3.2.1). Apart from the straight-forward
dataset assembly process, a clear advantage of binary char-
acter matrices is that the corresponding evolutionary models
only have but a few free parameters that need to be estimated.
Therefore, these models can also be applied to small datasets
without the risk of overparametrization. However, the binary
representation of cognate data also exhibits drawbacks. Binary
cognate character matrices are composed of columns, and,
for the tree inference process using the phylogenetic likeli-
hood function, we assume that these columns evolve independ-
ently. Yet, as single concepts are represented by groups of binary
columns of varying size, the assumption of independent
per-column evolution constitutes a potentially biased over-
simplification of the process (Evans et al., 2006). To illustrate
this, let us consider two groups of eight columns each. The
first group represents four different concepts with two cog-
nate classes each, so that two columns belong to each concept.
The second group represents a single concept with eight
cognate classes. Further, let us assume that there is no miss-
ing information; that is, the data contain at least one word for
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each language and each concept. It follows that in the first
group of columns, the value 1 occurs at least four times for
each language. However, if the value 1 occurs four times in the
second column group, this means that there exist words from
four different cognate classes that describe the corresponding
concept in the respective language. As the concepts used in these
datasets are however typically fundamental ones, the occur-
rence of the above constellation is comparatively unlikely.
Yet our example illustrates that the columns are clearly not
independent of each other.

The standard binary encoding does also not allow to model
unseen states at the ancestral nodes (Evans et al., 2006) as there
is one column per cognate class in the observed data. Beyond
that, further cognate classes can only be accommodated if the
binary model is combined with ascertainment bias correction
(Lewis, 2001).

(Evans et al, 2006) also criticize that the underlying
evolutionary model is time-reversible, that is, one assumes
that evolution occurs in the same way if followed forward or
backward in time. Non-time-reversible models are however more
parameter rich and their application is numerically challenging
(Bettisworth & Stamatakis, 2020). Binary character matrices
together with the accompanying models are hence an imperfect
approximation for lexical evolution.

The aforementioned shortcomings of the binary encoding and
binary models of character evolution raise the question if it is
possible to represent cognate data in a different way. To this
end, we introduce a bit-vector-based representation for cog-
nate data where one site corresponds to exactly one concept
(see Section 3.2.2) and we propose distinct evolutionary
models tailored to this novel representation of cognate data
(see Section 3.3).

The challenge we are facing is analogous to that of determin-
ing substitution rates (that form part of evolutionary models)
for amino acid data. As amino acid data has 20 character
states, the number of free parameters in the character sub-
stitution model (189 substitution rates) is typically also far
too high for the rates to be reliably estimated on a single
character matrix. Instead, models with a given, fixed substitu-
tion matrix are used. The substitution rates of these models
are determined using large databases of amino acid data (Tinh
et al., 2024). LG, a widely used amino acid substitution matrix,
is for example based on almost 4000 aligned amino acid
sequences (Le & Gascuel, 2008). The number of available cog-
nate datasets is substantially smaller (see Section 2). Therefore,
it is not possible to apply an analogous approach to cognate
data with a large number of states.

3.2 Cognate data

Each cognate dataset is based on a list of concepts. Collecting
data for the languages under study results in an assignment of a
set of words to each language-concept pair. From these data, we
construct a matrix M containing the words’ cognate classes.
Cognate classes unite words that have been derived from a
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common ancestor (Dunn, 2013) (see 3 (b)). Hence, M describes
the following function:

M:(LXCYA—>V

(LoyasVcl,

where L contains the languages and C the concepts under
study. For a concept ¢ € C, V_ is the set of cognate classes
comprising all words describing this specific concept ¢ in
the languages under study. We also denote the set V, which
contains the cognate classes for a language-concept pair, as
state in the following. We denote henceforth the size of V_ by x
and the size of V by v. The variable x hence corresponds to the
number of cognate classes that exist for a certain concept,
while v gives the number of cognate classes that are present
for a language and a concept. We assume that the concept
lists have been reasonably assembled, that is, there exists at
least one word for each concept in each language. When v = 0
we interpret this as missing information. You can find an over-
view over all important terms introduced in this section in
Table 6.

3.2.1 Binary representation. A cognate dataset can be repre-
sented by a binary character matrix A’ containing the symbols
0 and 1. Additionally, specific entries may be set to the undeter-
mined character -, to represent missing information. We obtain
A’ as the presence-absence-matrix corresponding to the matrix
containing the cognate classes (see Figure 3 (c)). Each concept
is therefore represented by x columns, where each column
corresponds to a specific cognate class. If a certain cognate
class is present in the state of a language, the respective entry is
set to 1, and to 0, otherwise. Thereby, we assume that for
each concept, there exists at least one word in every language.
If there no cognate class is provided for a language and a
concept, this will be interpreted and modeled as missing
information. Consequently, we set all columns corresponding
to this concept to -.

3.2.2 Bit-vector-based representation. We now introduce
a new format for encoding cognate data for phylogenetic
inference that relies on bit vectors. Let A" be a character matrix
for this newly introduced format. In analogy to the binary
representation, A is based on the presence-absence matrix of
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the corresponding cognate dataset. However, unlike A’, each
concept ¢ is only represented via a single column in A’. This
column conceptually contains the complete presence-absence
bit vector for this concept ¢ (see Figure 3 (d)). However, the
ML-based tree inference tool RAXML-NG (see Section 3.4)
cannot directly process character matrices where the entries
are bit vectors. To circumvent this, we use a multi-valued
encoding in A'. In a multi-valued character matrix, each entry
is a symbol from an ordered list X . For each bit vector b we
determine J(b), that is, the integer with the binary representa-
tion b. Then, we use J(b) as a pointer to 2 to determine the
symbol that corresponds to b. Note that the 0-bit vector never
occurs. It would represent the case that there is no word
provided for a language and a concept, which we however
interpret as missing information. We can therefore skip 0-bit
vector when assigning symbols to the bit vectors. Conse-
quently, we subtract 1 from J(b) when using it as a pointer to
2 . Overall, we obtain the values in the column representing a
concept ¢ in A" (see Figure 3 (e)) by applying the following
function to the bit vectors:

O, A —> X,

bars=3,[[(b)-1]

The number of possible symbols for a column representing
a concept ¢ depends on x. Therefore, in order to be able to
conduct phylogenetic likelihood calculations, the datasets
must be subdivided in such a way that each subset only con-
tains concepts with exactly the same number of cognate classes.
We henceforth call a subset of concepts that contains con-
cept with exactly x cognate classes a x-subset. In RAXML-NG,
multi-valued character alphabets are restricted to a maxi-
mum of 64 distinct symbols (Kozlov er al., 2019). We require
2% — 1 symbols to represent a concept with x cognate classes.
Our approach is therefore currently limited to concepts with at
most 6 cognate classes. Furthermore, we do not consider the
case ¥ = 1. The corresponding concepts yield a single cognate
class only, thus do not provide any signal for the resulting tree
topology.

3.2.3 Assumptions about the Evolution of Lexica. Both the
base frequency vector and the rate matrix (see 3.3) in our newly

big big big_1 big_ 2 big 3 big big
English | big, great | E | big_l,big 2 | E 1 1 0 E|[110] | E| 5
German grof3 G big 2 G 0 1 0 G|[010] | G| 1
Dutch groot D big_2 D 0 1 0 D|[o10] | D| 1
Norwegian stor N big_3 N 0 0 1 N |[001] | N| O
Swedish stor S big_3 S 0 0 1 S|[o01] | S| O

(a) (b)

(© (d) (e)

Figure 3. (a): Native cognate data (b): Corresponding matrix M with cognate classes (c): Binary character matrix A? (d): Matrix with bit vectors

(e): Character Matrix in the newly introduced format A".
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introduced models are highly symmetric. The symmetries
are based on the following assumptions about the evolution
of language lexica:

e (B1) For each language-concept-pair, it holds that v > 0.
In the case v = 0, we assume missing data.

e (B2) The probability for a state occurring for a
language-concept pair only depends on v.

e (B3) The above probability decreases with increasing v
(Levinson, 2000).

e (S1) At most one word can emerge or disappear within a
single infinitesimal time step.

e (S2) The probability for a new word to emerge only
depends on the value of v in the current state.

e (S3) The above probability decreases with increasing v.

The assumption (B1) is based on the fact that we assume missing
data if there is no word provided for a language and a concept.
Note that this is implicitly realized via the bit-vector-based
representation, as there exists no symbol for encoding the
0-bit-vector. Assumptions (B2) and (B3) are based on an empiri-
cal study presented in Section 3.6.3. Assumptions (S1), (S2),
and (S3) are not supported by any quantitative observations.
Such evidence could be generated via independent estimates of
substitution rates using a General Time Reversible model
(see Section 3.3) and a subsequent analysis of these rates to
determine the extent to which they are consistent with our
assumptions (S1, S2, S3). However, obtaining meaningful
estimates for such a large number of independent rates i.e., free
parameters) requires an extremely large amount of input data
that is simply not available at present. Instead, we analyze
the consistency of assumptions (S1) and (S3) with the rates
estimated by our newly introduced models (see Section 3.6.1).

3.3 Substitution models

Beyond adequately representing the input data, the selected
substitution model can have a major impact on the resulting
tree topology of a phylogenetic inference. Let us consider a
character matrix containing s, symbols X = (2[1],...2[s, D).
We define a substitution model as a tuple (Q,R) following
the notation of Yang (2006). For i € (1,...,s, ), QO[i] is the prob-
ability with which 2Z[i] initially occurs. We denote the prob-
abilities in Q as base frequencies. For each i,j € (1,....s ), R[i,j]
provides the instantaneous rate of substitution between ZX[i]
and 2[j]. Since we model evolution as a continuous time
Markov Chain, this value depends on nothing but X[i]. Further,
we assume that evolution is a time reversible process. Hence,
it holds that Q[i]R[i,j/] = QljIR[},i] Vij € (1,....s, ). For further
details on these processes please consult the standard textbook
by (Yang, 2006). As the main subject of this work is the
initial exploration of the newly introduced models, we do not
model rate heterogeneity as this would introduce at least one
additional free parameter.

For tree searches on binary character matrices, we use the BIN
model of binary character substitution. This model is very
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simple and only has a single free parameter (a single base
frequency). For multi-valued character matrices that result
from our novel bit-vector-based representation of cognate data,
we can deploy distinct models. Here, we investigate the most
parameter-rich General Time Reversible (GTR) model (Tavaré,
1986) and the most parameter-poor MK model (Lewis, 2001). In
the GTR model, all substitution rates and base frequencies are
estimated independently of each other. Therefore, the number
of free parameters grows quadratically with the number of
distinct symbols in the character matrix. For example, a GTR
model for x-subset of size three already has 36 free param-
eters. This induces increased runtimes and, more importantly,
potential overparametrization, as we have to operate on small
datasets. The MK model constitutes a viable alternative as it
can potentially alleviate both aforementioned challenges. In
this model, all substitution rates and all base frequencies are
equal. Hence, the MK does not admit any free parameter.
However, due to its simplicity, the model might tend not to be
sufficiently flexible and to oversimplify the evolutionary proc-
ess. In the following, we present two models, COG and COGs
that are tailored to the bit-vector-based representation of cognate
data. The aim is to determine a compromise between GTR and
MK. To this end, we introduce symmetries for both, the
base frequencies, and the substitution rates that represent the
evolution of the lexica of languages. The resulting models
have substantially fewer free parameters than GTR, but are
more flexible than MK. An overview of the existing and newly
introduced models is provided in Table 1.

3.3.1 Symmetries for base frequencies. Following Assump-
tion (B2), the base frequency for a symbol in the charac-
ter matrix A" only depends on v, that is, the size of the state it
represents. Conversely, the base frequency is independent of the
specific cognate classes, and thus of the position of the 1s in the
bit vector. Let s be a symbol representing a bit vector b, which
encodes a state of size v. Note that v corresponds to popcnt(b),
which we define as the number of 1s in b. For the base
frequencies it hence results that Q[s] = . In the case of x =3 Q
looks as illustrated in Figure 4a.

According to assumption (B3), we expect 7 to decrease with
v. We analyze this in Section 3.6.1.

3.3.2 Symmetries for substitution rates. We develop two differ-
ent evolutionary models for the bit-vector-based representation.

Table 1. Models and their numbers of free
parameters depending on k.

Model Number of free parameters (k)
BIN 1
GTR 2K‘ X 2K—1

e L3

2

MK 0
COG 2K
COGs K+ 1
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The two models differ with respect to the symmetries of the
substitution rates. COGs is the simpler model as it only has
two free parameters. In the following, we use it to examine the
correctness of assumption (S1). COG is more complex as the
corresponding rate matrix contains symmetries that reflect
assumptions (S1) and (S2).

3.3.2.1 COGs

The rate matrix of the model COGs is highly symmetrical,
which results in two distinct rates only. The fist rate 4, applies
to all symbol pairs (transitions) where the corresponding
states differ only by the presence or absence of one cognate
class. The second rate 4, holds for all remaining transitions that
differ by presence or absence of strictly more than one cognate
class. Let b, b,, b, # b, be bit vectors and s, = X [I(bl)—l],
s, = X [l(b)-1] the corresponding symbols. The respective
substitution rate belongs to the first group if and only if
popent(b, @ b,) = 1. In the rate matrix for the COGs model,
we hence set R[s ,s,] = 4, if popcnt(b, @ b, ) = 1 and R[s ,5,] = 4,
if popent(b, @ b,) > 1. The symmetries resulting for « = 3
are illustrated in Figure 4b.

According to assumption (S1), we expect 4, to be close to 0.
We analyze the corresponding empirical maximum likelihood
estimates in detail in Section 3.6.1.

3.3.2.2 COG
The COG model has a rate matrix with symmetries that reflect
assumptions (S1) and (S2). As in COG, there is a transition

[001] [010] [011]

Q:

[100]
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rate 4, that applies to all pairs of symbols whose states differ
by the presence or absence of strictly more than one cognate
class. In contrast to COGs, this rate is forced to be 0 in COG
in order to comply with assumption (S1). Let b, b,, b, # b,
be bit vectors and s, = X [l(b)-1], s, = X [l(b,)-1] the
corresponding symbols. We set R[s.s,] = 4, if if popcnt(b,
@ b,) > 1, forcing 4, = 0. In the case that the corresponding
states for a pair of symbols differ in the presence or
absence of only one single cognate class, we allow for
different rates depending on the size v of the smaller one
of the two states. As v is equal to the population count (that
is the number of bits set to 1) in the corresponding bit vector,
we set R[s,s,] = A with v = min(popcnt(b), popcnt(bj)) if
popent(b, @ b,) = 1. Thereby, we implement assumption (S2)
in the COG model.

The symmetries resulting for x = 3 are depicted in Figure 4c.

According to assumption (S3), we expect the estimates for 4
to decrease as v increases. We analyze this in Section 3.6.1.

3.4 Experimental setup

Our experiments are based on the cognate datasets from the
Lexibench database (Hiuser & List, 2025) which we access via
PyLexibench (Hauser et al., 2025a and Hiuser et al., 2025b
[Software]) to obtain the corresponding character matrices.
For each dataset, we extract the x-subsets for « € [2,6].
F(see Section 3.4.1 x-subset under study, we construct both, the
binary, and bit-vector-based character matrix as described above.

[101] [110] [111]

Figure 4a. Symmetries of base frequencies for k = 3 in the models COG and COGs.

[001]

[010] [011]
[001]
[010]
[011]
[100]
[101]
[110]
[111]

[100] [101]

[110]

[111]

Figure 4b. Symmetries of substitution rates for k = 3 in the model COGs.

[001] [010] [011]
[001]
[010]
[011]
[100]
[101]
[110]

[111]

[100] [101] [110] [111]

Figure 4c. Symmetries of substitution rates for k = 3 in the model COG.
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The corresponding source code is included to PyLexibench.
We implemented both COGs and COG in RAxML-NG
(Héuser, 2025d [Software]). Our experiments are docu-
mented and available online (Hauser, 2025b [Code]). For each
x-subset, we perform five separate analyses, that is, one under
each of model: BIN, MK, GTR, COGs, and COG. The infer-
ences under BIN are performed on the binary character
matrices. For the inferences under the remaining models we
use the bit-vector-based representation. Each analysis com-
prises 20 independent maximum likelihood (ML) tree searches.
To this end, we use the default tree search configuration
of RAXML-NG (10 searches starting from random trees and
10 searches starting from randomized stepwise addition order
parsimony trees).

3.4.1 Data Inclusion Criteria. In the following we explain in
more detail, how we select the input data for our experiments.
This process is also illustrated in Figure 5.

All datasets under study are part of the Lexibank (List et al.,
2022; List et al., 2023) lexical database that contains all
published lexical data sets that have been sufficiently
preprocessed to be used as input for computer-based methods.

The Lexibench benchmark, consists of those Lexibank datasets
that cover at least 4 languages and 85 concepts and for which
manually annotated cognates are available (Hiuser & List,
2025). In addition, they must exhibit an average coverage (List
et al., 2018) > 0.45. The datasets in Lexibench are further
subdivided according to the languages families they comprise.

For our main study, we use the x-subsets of the Lexibench data-
sets with a language-over-concept-ratio >1, that is, those that
comprise at least as many concepts as languages. For specific
x values, our experiments do therefore not include all Lexibench
datasets.

In order to be used in the cross-validation study (see Section 3.7),
the datasets must additionally yield a training subset with at least
10 concepts.

The 20 independent tree searches for a given subset can
potentially lead to different parameter estimates and a different
final log likelihood score. In the following, we only consider
the estimates resulting from the tree search that yields the
best final log likelihood score.

We further filter the Lexibench datasets in order to obtain
those that are suitable for our studies (see also Section 3.4,
Section 3.7.1).

3.5 Comparing models

To compare different models, we deploy the Akaike Information
Criterion (AIC) score (Akaike, 1998). In phylogenetics, this
criterion provides an estimate of the information, which is
lost when choosing a specific model to represent the evolu-
tionary process. To minimize this loss, a model must neither
be too simple nor too complex. A lower AIC score indicates
that the result obtained with the respective model is superior.
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However, the AIC score is only suitable for comparing the
results of inferences conducted on the same input data, that is,
data represented in the same manner. Hence, the AIC scores
resulting for the inferences executed under the BIN model on
the binary character matrices cannot be compared to those
obtained for the inferences under the remaining models on the
bit-vector-based character matrices.

3.6 Results

In the following, we present the results of our study. First,
we consider the rates estimated under the newly introduced
models and examine to which extent our observations reflect
our assumptions about the evolution of the language lexica.
Then we compare the different bit-vector-based models via
AIC scores. In Section 3.6.3 we additionally present a detailed
analysis of specific properties of the input data.

3.6.1 Frequency and rate estimates. Subsequently, we analyze
the estimates of the base frequencies and substitution rates
obtained from the inferences with the newly introduced mod-
els COGs and COG on the x-subsets for the input data. We
restrict ourselves to k = 3 here. For k = 2, the rate matrix is too
small to draw meaningful conclusions. For ¥ > 3, we are on the
verge of overparameterization so that conclusions drawn from
the estimated rates are also less meaningful (see Section 3.7
and Section 3.6.3).

3.6.1.1 COGs

Initially, we consider the substitution rates estimated with
COGs. We are particularly interested in the estimates for the
rate A, If they come close to O, this substantiates assump-
tion (S1). Substitution rate estimates for the x-subsets (x = 3)
are depicted in Figure 6. In the plot, there is one bar for each
r-subset under study. The heights of the different colored
areas correspond to the substitution rates relative to each
other. There is no clear trend as to which of the two rates is
higher. In particular, this experiment does not reflect assumption
(S1).

3.6.1.2 COG

We further analyze the estimates obtained from the infer-
ences under the COG model. Here we aim to examine, whether
the base frequencies 7, decrease with growing v, which would
substantiate assumption (B3).

Figure 7 illustrates the estimates for the base frequencies for
k-subsets (x = 3). In the plot, there is one bar for each x-subset
under study. The heights of the different colored areas cor-
respond to the base frequencies relative to each other. We
observe that, for most datasets, m, is largest. That is, symbols
representing states with one cognate class have the highest
base frequency. This is in line with the empirical observation
illustrated in section 3.6.3 and therefore provides additional
evidence that assumption (B3) is realistic.

Analogously, we investigate whether the rates A, decrease with
growing v, which could substantiate assumption (S3). Substitu-
tion rate estimates for x-subsets (x = 3) are shown in Figure 8.
In the plot, there is one bar for each x-subset under study. The
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Lexical datasets

Sufficiently preprocessed
for computational methods

Lexibank
(List et al. 2022, List et al.
2023)

Manually annotated cognates
> 4 languages

> 85 concepts

Average coverage > 0.45

(List et al. 2018)

- Split by language family

Lexibench
(Hauser and List 2025)

Concept-over-language-ratio > 1

v
Datasets in
main study

'3

10 concepts in training subset

Datasets in
cross validation
study

Figure 5. Data selection criteria. For our experiments, we use
cognate datasets from Lexibench (Hauser & List, 2025) which which
is a subset of Lexibank (List et al., 2022; List et al., 2023).
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heights of the differently colored areas correspond to the sub-
stitution rates relative to each other. For all datasets it holds
that 4, 0. This merely demonstrates the correctness of
our implementation. For > 70% of the datasets, we observe that
4, > 4,, which is in line with assumption (S3).

3.6.2 Model comparison. In the subsequent analysis, we com-
pare the AIC scores for the different models. In Figure 9 (a),
the results for x = 3, in Figure 9 (b) those for x = 5 are shown.
Both plots are structured in the same way, with the y-axis
indicating the AIC score. For each model, there is a vio-
lin plot illustrating the distribution of AIC scores for the
x-subsets under study. Inferences under the BIN model are
performed on binary rather than bit-vector-based character
matrices. Thus, we restrain our analysis to the four remaining
models. Recall that a lower AIC score indicates a better
model fit. The analysis of the scores thus reveals that for x = 3,
the models fit the data comparatively well. For x = 5, GTR
yields a substantially poorer model fit, which is presum-
ably due to the quadratically increasing number of free
parameters. The AIC scores obtained for five exemplary
datasets (see Table 2) are in line with what we observe in the
plots.

3.6.3 Properties of cognate data. In the following, we exam-
ine the available cognate datasets with regard to some spe-
cific properties. The observations allow to explain the behavior
of both the established and the newly introduced models.
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Figure 6. The plot illustrates the substitution rates estimated with COGs for k = 3. Each bar represents an analyzed k-subset. The heights
of the differently colored areas correspond to the substitution rates relative to each other. There is no clear trend as to which of the two

rates is higher.
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colored areas correspond to the base frequencies relative to each other. We observe that for most datasets, 1, is largest indicating that
symbols representing states with one cognate class yield the highest base frequency.
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Figure 9. The figures compare the AIC scores obtained under different models for k-subsets with a size of k = 3 (a) and of k = 5 (b). The y-axis
indicates the AIC score. For each model, a violin plot illustrates the distribution of AIC scores for the k-subsets under study. For k = 3, the
models fit the data comparatively well. For k = 5, GTR yields a substantially poorer model fit, presumably due to the quadratically increasing

number of free parameters.

Table 2. AIC scores obtained under different models for the k = 3- and k = 5-subsets of five
exemplary datasets. The full table is published online (Hauser, 2025e [Data]).

k=3 K=5
dataset MK GTR COGs COG MK GTR COGs COG
chaconbaniwa-arawakan 1382 1006 976 980 1164 1655 758 762
chaconcolumbian-huitotoan 404 413 391 405 138 1062 185 181
liusinitic-sinotibetan 806 708 728 730 1603 2051 1270 1274
oskolskayatungusic-tungusic 1158 1011 1039 1057 1812 2208 1470 1463
robbeetstriangulation-tungusic 1536 1365 1375 1376 1910 2318 1519 1513

3.6.3.1 Distribution of v

In the following, we examine, how v, the number of cognate
classes existing per language-concept pair, is distributed in the
datasets under study. In Figure 10, each bar corresponds to a
dataset. The y-axis indicates the language-concept pair pro-
portion in the respective dataset. The differently colored seg-
ments correspond to different values of v that depict the varying
number of cognate classes in the states of the language-concept
pairs. The figure shows that across all datasets, it holds that
v = 1 for most language-concept pairs. The higher v, the fewer
language-concept pairs with the corresponding number of
cognate classes in their state occur. Furthermore, the results show
that some datasets comprise a substantial amount of missing
data (v = 0). The observation substantiate assumptions (B2) and
(B3). It also illustrates that the datasets exhibit a low degree of
polymorphism. Nevertheless, polymorphic entries should not be
ignored due to their impact on the results of the tree inferences,
as shown in (Hiuser ef al., 2024a).

3.6.3.2 Symbol frequencies

The observed distribution of v has a direct impact on the
symbol frequencies in the bit-vector-based character matrices,
which we examine in the following. Figure 11 illustrates
how often each symbol appears in the x = 5-subset of the
dataset dunnielex-indoeuropean (Dunn, 2012). In this plot,
each bar corresponds to a bit vector represented by a specific
symbol in the character matrix. The y-axis indicates how often
the respective symbol occurs in the character matrix. We
observe that, a few symbols occur very frequently, while a
large proportion of symbols does not appear at all. The most
frequently occurring symbols are those that represent bit vec-
tors with only a single 1. For many bit vectors where the number
of 1s exceeds 1 or even 2, the corresponding symbols are
not present in the character matrix, which follows from the
observation presented in Figure 10. The analysis of the symbol
counts further illustrates that some of the models examined are
overparameterized. For GTR, this is obvious as it is not possible
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Figure 11. The figure illustrates how often each symbol appears in the k-subset (k = 5) of the dataset dunnielex-indoeuropean (Dunn, 2012).
Each bar corresponds to a bit vector represented by a specific symbol in the character matrix. The y-axis indicates how often the respective
symbol occurs in the character matrix. Symbols representing bit vectors with a single 1 occur very frequently. For many bit vectors with
higher numbers of 1s, the corresponding symbols do not appear at all.
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to reliably estimate the base frequencies or substitution rates for
symbols that do not occur at all in the data. However, the COG
model can also suffer from overparameterization. The symmetries
introduced in this model are based on grouping the symbols
according to the number of 1s in the corresponding bit vectors.
However, all symbols that occur frequently correspond to bit
vectors with a single 1. They all provide a signal for estimat-
ing the base frequency 7, and the substitution rate 4. The other
rates and base frequencies are estimated on the basis of the
symbols that represent bit vectors with a higher number of 1s.
However, these rarely or never occur. Therefore, reasonable or
numerically stable estimates for the respective base frequen-
cies and substitution rates are not to be expected. For other
datasets and x-subsets with x # 5 we make similar observa-
tions, indicating that overparameterization needs to be further
investigated. To this end, we perform the cross-validation
study described in Section 3.7.

3.6.3.3 k-Subset sizes
The boxplots in Figure 12 illustrate the distribution of the
k-subsets sizes across the datasets under study. Refer to
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Table 3 for the exact numbers for five exemplary datasets.
In the plot, there is a separate box for each x value. The y-axis
indicates the respective x-subset size, that is, the number of
concepts a subset contains. Overall, the subsets are small. Almost
all subsets contain less than 50 concepts, a large part of them
even less than 20. We further note that the size of the x-subsets
tends to decrease with increasing x. In contrast to this, the
number of free parameters in our newly introduced mod-
els increases with x. Thus, the risk of overparameterization
is highly likely to increase with «.

3.6.3.4 Concepts-over-languages-ratio

To capture the shape of a x-subset, we consider the
concepts-over-languages-ratio, that is, the ratio between the
number of concepts and the number of languages in the
subset. This ratio corresponds to the ratio of the number of
columns and the number of rows in the bit-vector-based char-
acter matrix representing the subset. A lower ratio can indicate
a poorer the signal in the dataset. The scatter plots in Figure 13
illustrate the concepts-over-languages-ratios for the x-subsets
(x € [2,6]) for the datasets under study. There is one subplot
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Figure 12. The boxplot illustrates the distribution of the different k-subset sizes across the datasets under study. There is a separate box for
each k value. The k-subset size, that is, the number of concepts a subset contains, is given on the y-axis. In each box, the median is indicated
via a horizontal line. The k-subsets are generally small (the vast majority comprises < 50 concepts) and their sizes tends to further decrease

with increasing k.

Table 3. Number of concepts in the k-subsets of five exemplary
datasets. The full table is published online (Hauser, 2025e [Datal).

dataset k=2 k=3 K=4 K=5 k=6
chaconbaniwa-arawakan 66 64 33 21 10
chaconcolumbian-huitotoan 56 29 5 5 1
liusinitic-sinotibetan 36 29 14 22 13
oskolskayatungusic-tungusic 57 32 29 25 25
robbeetstriangulation-tungusic 57 40 30 24 21
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Figure 13. The plots illustrate the concepts-over-languages-ratios for the k-subsets. There is one subplot for each k e [2,6]. In each of the
subplots, the x-axis indicates the number of languages, the y-axis the number of concepts. Each marker corresponds to a k-subset. The
identity is indicated by a dashed line. If a marker is located below this identity, the corresponding subset exhibits fewer concepts than

languages, which indicates a very poor signal.

for each x € [2,6]. In each of the subplots, the x-axis indicates
the number of languages, the y-axis the number of concepts.
Each marker corresponds to a x-subset. The identity is indicated
by a dashed line. If a marker is located below this identity,
the corresponding subset exhibits fewer concepts than lan-
guages, which indicates a very poor signal. We can observe that
such x-subsets occur for Vx € [2,6], but are more pronounced
for increasing x. In Table 4 we also observe poor concepts-
over-languages-ratios for the exemplary x-subsets, especially
for higher values of x. This is disadvantageous for our newly
introduced models. With x, the number of free parameters
increases so that even larger datasets are necessary to obtain
reasonable parameter estimates. These observations underline
again the hypothesis that the models are overparameterized.

3.6.3.5 Conclusion

In this subsection, we examined the publicly available cog-
nate data with respect to a plethora of numerical properties. We
observed that for the vast majority of language-concept-pairs
exactly 1 cognate class is provided. This is consistent with our
assumptions about the evolution of lexica. Consequently, the
different symbols in the bit-vector-based character matrices

occur with highly dispersed frequencies, while a large
proportion of these symbols are not present at all. Furthermore,
we investigated the size and shape of the x-subsets. We found
that they are small and exhibit an insufficiently low concepts to
languages ratio. Overall, these observations indicate that the
parameter-rich models for the bit-vector-based representation
might be overparametrized. We prove this by the cross-valdation
study described in section 3.7.

3.7 Cross-validation study

The studies presented in the previous section 3.6.3 indicate that
the examined x-subsets are small and that the different sym-
bols occur with distinct frequencies in the bit-vector-based
character matrices. These observations indicate that the newly
introduced COG model might be overparametrized. In the
following, we conduct a cross-validation study to investigate
this in greater detail.

3.7.1 Experimental setup. For our cross-validation study, we
again restrict ourselves to the case of x = 3. We randomly split
each x-subset into a training and a testing dataset. Eventu-
ally, we strive to detect overparameterization effects for the
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Table 4. Concepts-over-languages-ratio of the k-subsets of five exemplary datasets.
The full table is published online (Hauser, 2025e [Data]).

dataset K=2
chaconbaniwa-arawakan 4.71429
chaconcolumbian-huitotoan 14
liusinitic-sinotibetan 1.89474
oskolskayatungusic-tungusic 2.71429
robbeetstriangulation-tungusic ~ 2.59091

inferences on the complete x-subsets. The larger the proportion
of data used for training, the more realistic the approximation
of inference behavior on the actual data will be. However, using
a larger proportion of data for training induces smaller testing
subsets. We hence exclude x-subsets for which the correspond-
ing bit-vector-based character matrices comprise less than 10
columns, as these are too small for conducting meaningful
experiments (see Section 3.4.1).

When splitting the data in a 60: 40 ratio, there are x = 3-subsets
which are suitable as cross-validation input. For the remain-
ing k¥ = 3-subsets, the testing subsets become too small.
Subsequently, we construct binary and bit-vector-based char-
acter matrices for both, the testing, and the training subsets.
On each training character matrix, we perform an inference
under each of the five presented models using the standard
configuration of RAXML-NG (see section 3.4). Let lh
be the best log likelihood score of the tree inferred under a
particular model on the training data. In the following, we use
this tree and the corresponding model parameter estimates
resulting from this best scoring tree inference. Based on this
best tree and model estimate, we evaluate the log likelihood for
the testing subset, which we denote by llh . Since training
and testing subsets are of different size, we normalize the log
likelihoods by the number of columns of the respective char-
acter matrix. We denote the relative likelihoods by llht’rffm
and // ,V:Slt, respectively. We determine the relative error as

Zlhrel _Zlhrel
o= frain

test train

llhrel

train

For each x-subset, we perform this procedure of random
splitting 10 times (10-fold split) and compute the average error.

We further compare the degree of overparameterization in
the ¥ = 3 subsets with that in the complete datasets that are the
datasets in the standard binary representation without subdi-
viding them into x-subsets. To this end, we repeat the above
experiment for the corresponding character matrices under the
BIN model.

3.7.2 Results. The results of the cross-validation-study are illus-
trated in Figure 14. The exact numbers for five representative

K=3 K=4 K=5 K=6
457143  2.35714 1.5 0.71429
7.25 1.25 1.25 0.25
1.52632  0.73684 1.15789  0.68421
1.52381 1.38095 1.19048  1.19048
1.81818 1.36364 1.09091  0.95455

datasets are given in Table 5. Figure 14 (a) refers to the experi-
ments conducted with the x = 3-subsets, Figure 14 (b) to those
with the standard binary datasets under the BIN model. In both
plots, the y-axis indicates the relative error ¢ averaged over the
10-fold split. Note, however, that the scales differ. For each
model, there is one boxplot showing the distribution of the aver-
age relative error for the x-subsets and the complete datasets,
respectively. Using the x-subsets, the median, indicated by
a horizontal line in the boxplots, approximately ranges from
0.21 (MK) to 0.40 (GTR). This indicates substantial instabili-
ties for all models. In contrast to that, we observe a median of
0.03 for the complete standard binary datatsets under the BIN
model. The errors are thus at least 7 times higher when
using the x-subsets. It should be emphasized that this obser-
vation also holds for the MK model which does not have
any free parameters. This indicates that the x-subsets
are too small to obtain stable inferences. Hence, applying
these new models is not feasible, as they rely on subdividing
the datasets into the x-subsets. As the errors are high across
all examined models, it is likely that other approaches based
on subdividing the datasets will suffer from overparametri-
zation as well. We conclude by observing that COG induces
the lowest average errors among all more complex models
we examined, which indicates that this model might be worth
further consideration, provided that more data become available.

3.8. Conclusion and discussion

In this section, we introduced a bit-vector-based representa-
tion of cognate data (see section 3.2.2). In the correspond-
ing character matrices, there exists exactly one column for
each concept of the corresponding cognate dataset. Thereby
we aim to alleviate the drawbacks of the standard binary
representation. We further show how one can subdivide the
input datasets into so-called x-subsets that are necessary
for conducting likelihood-based phylogenetic inferences on
bit-vector-based character matrices. We also introduced spe-
cific assumptions about the evolution of lexica. Based on
these assumptions, we devised the COGs and COG models
that are tailored to the bit-vector-based character matrices (see
section 3.3). Although the datasets’ properties (see section 3.6.3)
already indicate that the models we introduced might be
overparametrized, we thoroughly assess the results of the infer-
ences under these models. More specifically, we examine the
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Figure 14. The plots illustrate the results of the cross-validation study. In both plots, the y-axis indicates the relative error e averaged over
the 10-fold split. However, note that the scales between the left and the right plot differ substantially. For each model, there is one boxplot
showing the distribution of the average relative error. The errors are at least 7 times higher when using the k-subsets instead of the full
datasets. (a) Experiments on k = 3-subsets (b) Experiments on full datasets.

Table 5. Results of the cross-validation study for five exemplary datasets. For each model and each
dataset the table provides the relative error e averaged over the 10-fold split. The results in the last column
are obtained from experiments on the full datasets while all remaining results are based on the k-subsets.

The full table is published online (Hauser, 2025e [Datal).

dataset BIN
chaconbaniwa-arawakan 0.0934
chaconcolumbian-huitotoan -0.0464
liusinitic-sinotibetan 0.4089
oskolskayatungusic-tungusic 0.2154
robbeetstriangulation-tungusic 0.3521

transition rates estimated by respective phylogenetic inferences
on the ¥ = 3-subsets under our new models (see Section 3.6.1).
The estimated rates at least partially support our assumptions
about the evolution of lexica. In addition, we compare different
substitution models based on their AIC scores. We find that
for higher values of x, our new models outperform the GTR
model. To properly investigate apparent overparameterization,
we also conduct a cross-validation-study (see Section 3.7).
We find that for x = 3, substantial instabilities occur across
all models, even under the MK model, which does not exhibit
any free parameters. This illustrates that our models are
currently inapplicable as they require subdividing the dataset
into potentially too small subsets for which stable parameter
estimates can not be obtained. However, inferences under the

MK GTR  COGs CcoG BIN (full)
0.0948 0.1086 0.1009 0.1011 0.0186
-0.0379 0.3408 0.0149 0.0677 0.0379
0.2841 04707 03220 0.3398 0.0129
0.1309 0.2529 0.1998 0.2171 0.0259
0.3233 04975 03839 0.4653 0.0297

COG model still appear to be the most stable among all
models under study. In conjunction with the result from the
AIC scores analysis, this suggests that the COG model merits
further investigation should larger cognate datasets become
available. As long as this is not the case, we recommend using
the standard and less parameter-rich models and dataset rep-
resentations instead. Our results indicate that it is likely that
any model, which is more parameter-rich and/or based on
subdividing the dataset will suffer from overparametrization,
given the currently available data.

4 Application of machine learning methods

Another motivation for assembling more linguistic datasets
is the application of machine learning methods. Many recent
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Table 6. Glossary for Section 3.

K Number of cognate classes existing for a concept in a cognate dataset

v Number of cognate classes present for a language and a concept in a cognate dataset
AP Binary character matrix

A Character matrix in bit-vector-based representation

k-subset  Subset of a cognate dataset containing only concepts with k cognate classes

e Relative error at cross-validation

advances in the field of phylogenetics are based on such
approaches (Azouri et al., 2021; Haag et al., 2022; Nesterenko
et al., 2024; Trost et al., 2024). In the following, we examine
how and more importantly if the use of such tools can currently
be extended to cognate data.

To this end we use Pythia 2.0 (Haag & Stamatakis, 2025), a
tool for predicting the difficulty of a phylogenetic inference
for a given dataset. It predicts a difficulty score between 0
(easy) and 1 (hopeless) using a Gradient-Boosted Tree Regres-
sor (Haag & Stamatakis, 2025). The predictor provided with
the tool is trained on biological data, mainly molecular data.
The training data also contains a small proportion of biological
morphological data, whose character matrices exhibit simi-
larities to those representing cognate data. To measure the
performance of the prediction, (Haag & Stamatakis, 2025)
divides the available datasets into 10 subsets and performs 10
training rounds on 9 of these subsets per round. Thus, during
each round, a different subset is omitted from training and
subsequently used to evaluate the predictor. Thereby the
authors obtain a mean average error (MAE) of 0.08 (Haag &
Stamatakis, 2025). To assess the performance of this predictor
on cognate data, we predict the difficulty for the datatsets in
Lexibench. Further, we calculate the ground truth difficulty
scores as introduced by (Haag er al., 2022) and obtain an MAE
of 0.17. This is substantially higher than the MAE reported
by (Haag & Stamatakis, 2025) on molecular datasets. This
shows that we cannot expect the same prediction quality when
applying a tool that has mainly been trained on molecular
data to language data, presumably because molecular data
and cognate data exhibit different properties and behavior
(Hauser et al., 2024b).

In the following we further investigate whether it is possible
to train a phylogenetic difficulty predictor from scratch by only
using cognate data. Due to the small number of available data
sets, we try to use as many of them as possible for training and
hence conduct [leave-one-out (LOO) cross-validation (Wong,
2015). For each Lexibench dataset under study, we train the
predictor separately with all datasets except this one dataset
itself. Then, we use the predictor to obtain the difficulty
for the very dataset that was left out during training and
compare the predicted difficulty to its ground truth difficulty.
The experiments yield an MAE of 0.16, which is two times
worse than the MAE of 0.08 reported by (Haag & Stamatakis,
2025) for molecular data. In addition, the improvement of the

MAE from 0.17 for the biological data predictor to 0.16
for the dedicated linguistic data predictor is disappointingly
small.

The prediction of the difficulty score is based on 10 features
(Haag et al., 2022). Due to the curse of dimensionality, the
available cognate datasets may however not suffice to train a
reasonable predictor ((James et al., 2023), p. 115). Furthermore,
when a predictor is trained on such a small number of
datasets, it is possible that the model learns the noise in the
data rather than the underlying pattern ((James er al., 2023),
p- 152). The reported error is therefore likely to be subject to
overfitting.

Hence, tools that have been trained on molecular data can
therefore neither be directly applied to cognate data with-
out restrictions nor does the amount of currently available
cognate data suffice to re-train these tools. The code for these
experiments is available online (Héuser, 2025¢ [Code]).

5 Conclusion and discussion

In this work we investigated how and if recent advances in
molecular phylogenetics can be applied to cognate data from
historical linguistics. Namely, we focused on developing and
assessing more sophisticated models of language evolution
and investigate if machine learning approaches that work
well on molecular data can also be applied to language data.
In Section 2, we initially provided an overview of the currently
available cognate data. We put the amount of data in relation
to the available amount of molecular data which is larger by
several orders of magnitude. Then, we introduced a novel
representation of cognate data and devised two evolutionary
models that are tailored to this representation (see Section 3).
However, these models are more parameter-rich and, as we
quantitatively show, suffer from overparametrization when
applied to the currently available relatively small cognate
datasets. In addition, by example of the Pythia machine
learning tool that is highly accurate on molecular data, we have
shown that the available amount of cognate data is also insuf-
ficient for training and applying machine learning approaches
from the area of molecular phylogenetics (see Section 4). As
long as larger datasets are not available, we therefore advocate
for using the standard binary representation in conjunction with
the corresponding simple evolutionary models. Any tool or
approach that relies on machine learning must also be treated
with caution when applied to cognate data. This is because the
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training and, as a consequence, performance of such methods
is also severely limited by the small amount of data as well as
small number of datasets available. Our work shows that larger
datasets and overall more datasets are required before recent
advances in molecular phylogenetics can be applied to his-
torical linguistics. To move forward, we therefore recommend
focusing on acquiring more data and investigating distinct
approaches, sources, and data types as well as combinations
thereof.
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Data availability

Underlying data

Unless otherwise stated, our experiments are based on the
benchmark data collection Lexibench (Hauser & List, 2025)
made available on Zenodo (https://doi.org/10.5281/zenodo.
15804927) (Héuser et al., 2025a)

Extended data
e Experiments related to the models for cognate data:
https://github.com/luisevonderwiese/cognate-model
https://doi.org/10.5281/zenodo.17748822 (Hauser, 2025b
[Code])

e Result tabels for experiments with cognate models:
https://doi.org/10.5281/zenodo.17748854 (Héuser, 2025e
[Data])

e Experiments related to machine learning using Pythia as an
example: https://github.com/luisevonderwiese/pythia_study
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https://doi.org/10.5281/zenodo.15798101 (Hiuser, 2025c¢
[Code])

e Analysis of the available molecular data in TreeBase
(Piel et al., 2009): https://github.com/luisevonderwiese/
scripts https://doi.org/10.5281/zenodo.15805506 (Hiuser,
2025a [Code])

All data is available under the terms of the Creative Commons
Attribution 4.0 International license (CC-BY 4.0).

Software availability
e Pylexibench for access to Lexibench: https://codeberg.
org/lexibank/pylexibench  https://doi.org/10.5281/zenodo.
15798278 (Hiuser et al., 2025b [Software]) Available
under the terms of the Creative Commons Attribution 4.0
International license (CC-BY 4.0).

e RAXML-NG version including the models COG and
COGs: https://github.com/luisevonderwiese/raxml-ng-cog-
nate https://doi.org/10.5281/zenodo.15798064  (Hiuser,
2025d [Software]) Available under the terms of the GNU
Affero General Public License version 3.
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insufficient for accurate phylogenetic inference with methods developed for the large datasets
that are available from DNA sequencing, while introducing novel models of cognate evolution that
show promise in case the size of cognate datasets should grow much larger in the future. The
data and models are clearly described and are available online from Zenodo and GitHub.

The novel models of cognate evolution, COG and its simpler variant COG_s, are thoughtfully
designed to have a small number of free parameters in order to avoid over-parameterization as
much as possible, while allowing some flexibility by having more than zero free parameters as the
simplest possible models would have. They are based on a binary vector encoding of
presence/absence of cognate classes in different languages. Using a binary vector to represent
each cognate concept is an advance over using separate binary columns because the binary
columns are treated by inference methods as independent although they are not. However, using
a binary vector when many of the possible values are never observed, and mapping the values of
that binary vector directly to a symbol space limited to 64 in RAXML-NG, limits the number of
cognate classes per concept to 6 (2276 = 64). The distance metric between two binary vector
values is the Hamming distance, i.e. the number of 1 bits in the XOR of the two vectors. I note that
if 7-bit vectors are restricted to those with 3 or fewer 1's (i.e. if popcnt(b) <= 3 for all observed b),
there are only 64 such values, which could be mapped to the 64 symbols accepted by RAXML-NG;
this extension of the scheme could add support for concepts with seven cognate classes, although
there may not be enough concepts with 7 classes to make that of any practical use.

The substitution rate matrix for COG_s is constrained to allow only two free parameters: lambda_+
for a Hamming distance of exactly 1, and lambda_0 for a Hamming distance greater than 1.
lambda_0 is expected to be close to 0 because the authors make the assumption (referred to as
S1) that "at most one word can emerge or disappear within a single infinitesimal time step"
(section 3.2.3). There is a counterexample to this assumption in Figure 3: the value of 001 for N
and S exists along with 010 for G and D (two bits change) and 110 (three bits change), without any
language having the transitional value 011 that would bridge 001 and 010. Moreover, assumption
B3, i.e. "the probability of a state decreases with with increasing [number of 1 bits]", implies that
such bridging values would be less likely, seemingly counter to assumption S1. Nevertheless,
assumption S1 is used both to form the expectation that lambda_0 should be close to zero for
COG_s (which is not borne out by experiments in section 3.6.1.1) and as the reason to force
lambda_0 to zero in COG. It seems to me that a Hamming distance of 2 would be quite common,
because that is the distance between any pair of differing vectors that each have one bit set (for
example, between 001 and 010, between 001 and 100, or between 010 and 100). By assumptions
B1 - B3, those vectors with a single bit set should be the most common, so it doesn't seem right to
pin the rate of transition between any such vectors to zero. I wonder how a slightly different
version of COG would perform, with lambda_1 for a Hamming distance of 1, lambda_2 for a
Hamming distance of 2, and ~zero otherwise -- or perhaps lambda_+ for Hamming distance of
either 1 or 2, and lambda_0 otherwise.

The point that cognate datasets are too small for modern phylogenetic methods is made in many
ways: by comparison of dataset size to a single phylogenetic database in section 2, by Akaike
Information Criterion score distributions in 3.6.2, by observations about the complete lack of
occurrences of many symbols in 3.6.3.2, by decreasing sizes of subsets necessitated by the new
models in 3.6.3.3, by ratios of number of concepts to number of languages in 3.6.3.4, by low cross-
validation in 3.7, and by calculations of difficulty of phylogenetic inference using the Pythia tool in
section 4. It's hard to imagine how the authors could have been more thorough in finding many
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paths to the same conclusion that a relatively small dataset does not lend itself to inference
methods that were developed for large datasets.

And now a list of typos or wording suggestions, in the order encountered in the manuscript:
"Institute of Computer Scienc": Scienc --> Science
congate --> cognate

In section 3.2.3, the assumptions render as a bullet list but are then referred to as B1-B3 and S1-
S3. They should be explicitly labeled.

"an subsequent": an -->a
"merely not available": I suggest merely --> simply

"less free parameters": less --> fewer (because parameters are countable; sorry, English is a
ridiculous language)

"P[s1,s2]": P --> R (in sections 3.3.2.1 and 3.3.2.2)

"underline again the assumption that the models are overparametrized": it seems more like a
conclusion than an assumption?

"We proof this": proof --> prove
"7 orders of magnitude": from 0.3 to 0.03, I count only one order of magnitude...?
"focusing on acquiring more data and investigate distinct": investigate --> investigating

Is the work original in terms of material and argument?
Yes

Does it sufficiently engage with relevant methodologies and secondary literature on the
topic?
Yes

Is the work clearly and cogently presented?
Yes

Is the argument persuasive and supported by evidence?
Yes

If any, are all the source data and materials underlying the results available?
Yes

Does the research article contribute to the cultural, historical, social understanding of the
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Competing Interests: No competing interests were disclosed.
Reviewer Expertise: Bioinformatics

I confirm that I have read this submission and believe that I have an appropriate level of
expertise to confirm that it is of an acceptable scientific standard.

Author Response 05 Nov 2025
Luise Hauser

Thank you very much for your interesting feedback!

The example data set from Fig. 3 does not contradict S1. We would assume, that some time
ago, there was a language with the transitional value 011 - but then one of the congnates
disappeared again.

Also S1 and B3 do not necessarily contradict each other. The idea is, that transitional states
with more cognates can exist, but disappear again more quickly.

But thank you for your input how to modify COG for future experiments!
Unfortunately I cannot fix the typo in Computer Scienc(e), it must have happened during
post-processing as it is already correct in my manuscript.

Competing Interests: No competing interests were disclosed.
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Commons Attribution License, which permits unrestricted use, distribution, and reproduction in any medium,
provided the original work is properly cited.

? Osama A Salman
EET, Budapest University of Technology and Economics (Ringgold ID: 172285), Budapest,
Budapest, Hungary

Summary
This article asks why methods that work well in molecular phylogenetics do not transfer cleanly to
cognate-based historical linguistics. The authors

1. Show that high-quality cognate datasets are scarce and small

2. Introduce a concept-level bit-vector encoding with two tailored models (COG/COGS)
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implemented in RAXML-NG
3. test model adequacy and parameter stability using AIC and cross-validation, and

4. Check whether ML predictors such as Pythia generalize to cognate data. The results point to
over-parameterization and unstable estimates even for simpler models at current data
scales, with limited gains from ML. The main take-home grow the data before escalating
model complexity follows from the evidence presented

Evaluation & required revisions

* Engagement with methods/literature [partly]. Add a short “Search strategy & inclusion criteria”
paragraph for both datasets and literature (where searched, date accessed, key terms, basic
include/exclude rules). A tiny PRISMA-style flow is sufficient.

* Clarity [partly]. Provide a boxed glossary for key terms (v, Kk, k-subset, ascertainment/Mk, over-
parameterization, cross-validated error) and a one-page taxonomy that separates data issues,
model issues, and evaluation pitfalls.

* Evidence [partly]. Include one compact results table that, for representative datasets, lists k-
subset size distributions, concepts:languages ratios, free-parameter counts per model, and AIC/CV
summaries, so the stability/over-parameterization claims are visible at a glance.

* Presentation [minor]. Standardize terminology (“cognate class/set”), mirror persistent
identifiers/licences in captions, and enlarge fonts on multi-panel figures.

Verdict

Approved with reservations. With the brief search/eligibility note and the compact stability table
plus the small presentation fixes the paper will be methodologically transparent, clearly
structured, and scientifically sound.

Is the work original in terms of material and argument?
Yes

Does it sufficiently engage with relevant methodologies and secondary literature on the
topic?
Partly

Is the work clearly and cogently presented?
Partly

Is the argument persuasive and supported by evidence?
Partly

If any, are all the source data and materials underlying the results available?
Yes

Does the research article contribute to the cultural, historical, social understanding of the
field?
Yes

Competing Interests: No competing interests were disclosed.
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Reviewer Expertise: My expertise is in computational phylogenetics and data science for
scriptinformatics, focusing on model evaluation, cross-validated analysis, and reproducible
workflow

I confirm that I have read this submission and believe that I have an appropriate level of
expertise to confirm that it is of an acceptable scientific standard, however I have
significant reservations, as outlined above.
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