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Abstract – To what extent would statistical mechanics approaches help to represent languages 
from the Americas? Is it possible to extract useful information about the relationships between 
these languages? This work studies a graph-based approach to extract information from text cor-
pora of languages of the Americas. Each language is viewed as the set of eigenvalues obtained from 
the Laplacian matrix of co-occurrence graphs. The results suggest that our graph-based feature 
extraction technique is partly comparable to the knowledge contained in typological databases. We 
argue that our approach might propose a solution to the lack of textual resources for low-resource 
languages.

Introduction. – To what extent would statistical me-
chanics approaches help to represent languages from the
Americas? Is it possible to extract information about
the relationships between these languages? This paper
proposes a graph-based approach to (partly) answer the
previous questions. To do this, we deal with statistical me-
chanics approaches to low-resource languages (LRLs), par-
ticularly from the Americas. To face with LRLs, we refer
them as resource scarce, less privileged or endangered [1].
Crucially, most of the LRLs are indigenous languages in
which the cultures and knowledge systems to which they
belong are put at risk.

The motivation for classifying and analyzing these lan-
guages goes beyond theoretical interest. From a practical
standpoint, understanding the structure and relationships
of indigenous languages can contribute to their preserva-
tion by enabling the development of computational tools,
such as automatic translation systems, digital dictionaries,
and educational platforms [2]. These tools can support the
revitalization of languages at risk of disappearing, which,
in turn, safeguards the cultural heritage and knowledge
systems embedded in these languages [3]. Moreover, clas-
sifying languages can help document and formalize linguis-
tic patterns, providing a foundation for future linguistic
and anthropological research [4,5].

With this in mind, our main goal is to propose a statis-
tical mechanics approach to the extraction of typologically
valuable features from text corpora [6]. This work follows
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thus a graph-based approach to describe the organization
of languages of the Americas. Crucially, inspired by [7],
we strongly believe that technological and computational
approaches to LRLs can have a positive social impact for
the communities which depend on these languages.

To face our computational approach to LRLs, we used
the Laplacian spectrum [8–10] of graphs representing
textual data. Within this framework, the authors of [10]
have revealed global properties of neural networks,
describing the connections between neural elements. The
Laplacian spectrum is formed by the set of eigenvalues
obtained from the normalized Laplacian matrix of a
graph. Remarkably, this set of numbers captures not only
the global properties of a graph, but also local structures
that are produced by graph changes (like motif or node
duplication) [11]. Therefore, the Laplacian spectrum
allows us to propose a simple way to represent and extract
information from text corpora.

Recent work on statistical mechanics approaches to lan-
guage has remarked the fact that language can be modeled
by graphs [5,12–14]. In this paper, feature representation
of languages [15–18] is associated to co-occurrence graphs
whose edges capture thus inter-word relationships [19,20].
An interesting related work in this line is [21], in which
co-occurrence representation of languages allowed the ex-
traction of several graph-mining measures in order to ap-
ply machine learning models.

The remaining of the article details the graph-based ap-
proach to feature extraction for languages of the Americas.

22001-p1

open  access

Published by the EPLA under the terms of the Creative Commons Attribution 4.0 International License
(CC BY). Further distribution of this work must maintain attribution to the author(s) and the published
article’s title, journal citation, and DOI.

Copyright ©c 2025 The author(s)



Javier Vera Zúñiga

Fig. 1: Basic description of the parallel corpus of languages of
the Americas. The figure displays the histogram of the number
of tokens for each text of the UDHR corpus. We consider the 85
languages appearing in both UDHR and the WALS typological
database. The black dotted line indicates the average value.

Table 1: Basic description of the linguistic families from the
Americas (based on [22]). The languages studied in this paper
are those appearing in both UDHR and the WALS typological
database [23].

Linguistic family Glottocode Languages
Jivaroan jiva1245 3
Panoan pano1256 6
Arawakan araw1281 8
Mayan maya1287 8
Barbacoan barb1265 3
Otomanguean otom1299 8
Algic algi1248 3
Quechuan quec1387 13
Other families 39
Total 85

We organize the discussion in three sections. The next sec-
tion “Materials and methods” describes language data and
our graph-based approach to linguistic complexity. Sec-
tion “Results” describes and illustrates the main results.
Section “Discussion” summarizes our work and restates
the key challenges of our approach to the computational
representation of LRLs.

Materials and methods. –

Universal declaration of human rights corpus UDHR.
To extract graph-based features, we need a comparable

text corpora across many languages, in which text content
is constant in order to avoid style or genre distortions. To
control this constraint across languages, we use a paral-
lel corpus of the universal declaration of human rights1

(UDHR). A word type is defined here as a unique string
delimited by white spaces. A word token is then any rep-
etition of a word type. Details about the UDHR corpus
are shown in fig. 1 and table 1.

The World Atlas of World Languages (WALS). Ty-
pological information about languages of the Americas
is obtained from WALS [23]. The World Atlas of
World Languages (WALS ) is a large dataset of struc-
tural properties of thousands of languages obtained from

1https://www.unicode.org/udhr/index.html .

descriptive grammars. Using this dataset, each language
can be represented as a list of feature values. To over-
come the sparsity of WALS, particularly in relation to
low-resource languages of the Americas, we used lang2vec
syntactic vectors comprising 103 features [2]2. The lan-
guages studied in this paper are those appearing in both
UDHR and the WALS typological database [23] (through
lang2vec features). We used iso-639-3 codes to find the in-
tersection between languages appearing both in the UDHR
corpus and in [23].

Information-theoretic entropy. As suggested by the
seminal works of Shannon [24], the choice associated with
words is a key property of human language. At the center
of information theory, there is a precise quantity of the
average amount of choice associated with words: the word
entropy.

Let T be a text formed by word types taken from the
set Wt. In probabilistic terms, word type probabilities
are distributed according to p(w), w ∈ Wt. The average
amount of choice of word types (or simply the entropy)
reads [25]

H = −
∑

w∈Wt

p(w) log(p(w)). (1)

Using several corpora and tackling some problems of
word entropy estimation, [25] provided a public database
of entropy values for 1259 languages. Since all entropy
estimators are strongly correlated, for our experiments we
used the NSB estimator [26].

For the large sample of languages of the world, the au-
thors of [25] found high- and low-entropy areas. A key
example is languages of the Andean region of South Amer-
ica. These languages all have high word entropies. This
can be interpreted as a result of their high morphological
complexity, arising from a large type token ratio [27].

Basic concepts on (spectral) graph theory. To extract
the Laplacian spectrum for each language (represented by
its respective translation of the UDHR), we need to intro-
duce some concepts of (spectral) graph theory. We con-
sider an undirected and weighted graph G = (V, E, WE),
where V represents the set of nodes of size n, E is the set
of edges and WE is the set of weights. In our approach,
the set V represents word types for a language, while E
is formed by pairs of word types at radius lower than or
equal to 3. The distance between nodes is measured in
word types: consecutive words are at distance (or radius)
1, words separated by just one word are at distance (or
radius) 2, and so on. The weight w(uv) ∈ WE associated
to the edge uv ∈ E counts the number of appearances of
the (possibly long-distance) bigram uv. The neighborhood
of the node u ∈ V is the set Vu = {v ∈ V : uv ∈ E}. The
(weighted) degree of the node u ∈ V is simply the sum of
the weights joining u with nodes in Vu.

Spectral graph theory is mainly focused on discover-
ing graph properties arising from the eigenvalues of the

2https://github.com/antonisa/lang2vec .
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matrices associated to graphs [28], such as the adjacency
matrix and the Laplacian matrix.

The normalized Laplacian matrix is defined by the rela-
tion L = I −D−1/2AD−1/2, where A is the adjacency ma-
trix; I is the |V |×|V | identity matrix; and D is a diagonal
matrix whose entries are (possibly weighted) node degrees.
The Laplacian spectrum of the graph G is the collection of
all solutions λ (the eigenvalues), for which there exist non-
zero vectors u (the corresponding eigenvectors) satisfying
the equation Lu = λu. An interesting property is that the
largest eigenvalue is always equal or smaller than 2, label-
ing the range of eigenvalues as 0 � λ1 � . . . � λn � 2 [28].
With this, a language can be represented as the list of
eigenvalues of L, which has been constructed using the
respective translation of the UDHR corpus.

Graph construction and implementation details. Ba-
sic management of typological data was made using pan-
das [29,30]. For text preprocessing (whitespace tokeniza-
tion, punctuation removal and conversion to lower case),
we used NLTK [31]. Graph-theoretic techniques were
made using NetworkX [32] and NumPy [33].

Each language is represented first by a co-occurrence
graph G, and then by the normalized Laplacian matrix L
associated to G. The graph G was built along the following
steps:

Step 1. Identify the set of sentences.

Step 2. Preprocess each sentence by whitespace to-
kenization, punctuation removal and conversion to
lower case.

Step 3. Define the set of word types Wt of the entire
text.

Step 4. Through an iterative process, inspect each
sentence in order to find word type co-occurrences
at distances one, two and three (based on the fact
that dependence relationships occur in general at
small distances [34]). Each new co-occurrence be-
tween pairs of word types from Wt defines an edge of
the graph. Repetitions of bigrams increase the weight
of the respective edge.

To enhance the graph-building process, alternative con-
figurations were considered. For example, instead of rely-
ing solely on co-occurrence frequencies, a semantic-based
approach could link words with similar meanings or con-
textual usage. However, these alternatives often require
additional linguistic resources, such as pre-trained word
embeddings or annotated corpora, which are typically un-
available for low-resource languages [19,21]. By focusing
on co-occurrence graphs, this study prioritizes a scalable
and data-light methodology tailored to the challenges of
working with low-resource languages.

For simplicity, our results focus on the Laplacian spec-
tra obtained from co-occurrence graphs of radius one,
two and three. With the co-occurrence graph G, we

calculate the set of eigenvalues of the normalized Lapla-
cian matrix L. This set is arranged by increasing size:
Λ = {0, λ1, . . . , λn}.

Calculations with Laplacian spectra: distances and
nearest-neighbor graphs. An important issue concerns
the comparison of eigenvalue sets of different size. To
face this problem, spectral plots were obtained from a
smoothed eigenvalue distribution Λ∗, consisting of eigen-
value frequencies estimated by a kernel density estimation
with bandwidth 0.065 [35]. To compare language repre-
sentations of the same size, a discrete smoothed spectrum
was used, in which Λ∗ had 1000 predicted values. All cal-
culations were made using SciPy [36].

Using predicted Laplacian spectrum distributions, we
define a simple distance measure between languages.
Consider two smoothed eigenvalue distributions Λ∗

A =
{λA

1 , . . . , λA
1000} and Λ∗

B = {λB
1 , . . . , λB

1000}, representing
respectively languages A and B. The distance between A
and B reads

d(A, B) =
1

1000

∑

λA
i ∈Λ∗

A,λB
i ∈Λ∗

B

|λA
i − λB

i |. (2)

With a distance measure, we define a matrix of distances
between languages D. There are several ways to transform
a distance matrix D into a graph. A nice (and simple)
graph-theoretic way relies on a similarity graph GD =
(V, E). Each language Li is understood as a vertex vi ∈ V .
The vertex (language) vi is joined by an edge (∈ E) with
the vertex vj if Lj is among the k nearest neighbors of Li.
Put differently, from the distance matrix D we rank the
languages of the row (or column) i by increasing distance
d. The vertex vi is joined thus to the k closest languages
(excluding the language i itself).

Justification for using the Laplacian spectrum. The
choice of the Laplacian spectrum as a key metric in this
study is motivated by its ability to capture both global
and local structural properties of graphs. Unlike tradi-
tional network metrics (e.g., degree distribution, cluster-
ing coefficient) or neural embeddings, the Laplacian spec-
trum provides a comprehensive representation of graph
topology that is sensitive to subtle changes in structure.
For example, it reflects variations in connectivity patterns,
such as motif duplications or node distributions, which are
critical to modeling linguistic features [11,28].

Additionally, the Laplacian spectrum is computation-
ally efficient for small datasets, making it particularly suit-
able for low-resource languages where data availability is
limited. This approach contrasts with methods that re-
quire extensive semantic annotation or pre-trained embed-
dings, which are often unavailable for such languages [19].
Furthermore, spectral representation allows direct com-
parisons between languages through eigenvalue distribu-
tions, allowing the identification of typological patterns
that might be obscured by other methods [34].

Our use of the Laplacian spectrum also aligns with re-
cent advances in spectral graph theory, which emphasize

22001-p3
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Fig. 2: Laplacian spectra of languages from the Americas. The
figure shows the spectrum of the co-occurrence graphs for 85
languages from the Americas. Each panel indicates the spectra
for co-occurrence graphs based on radius one, two or three.
Laplacian spectra showed differences at specific eigenvalues,
suggesting that a vector representation of language structure
can be recovered.

its utility to uncover hidden structural properties in com-
plex systems, including language networks [5,12]. By
focusing on eigenvalues, we aim to provide a robust
and interpretable representation of linguistic data that
can bridge the gap between graph theory and linguistic
typology.

Results. – In what follows, we first give a qualita-
tive description of the Laplacian spectrum of the lan-
guages from the Americas. To understand the shape of
the Laplacian spectrum, we provide a simple comparison
between the frequency of the eigenvalue λ1 and word en-
tropy values. Second, we give simple observations about
the relationships established by linguistic families from the
Americas. Then, we evaluate how much information about
typological features is recovered by the Laplacian spec-
trum approach. Finally, based on distance measures we
applied some spectral clustering techniques over nearest-
neighbors graphs representing languages and groups of
languages from the Americas.

Laplacian spectrum for languages of the Amer-
icas. The Laplacian spectra of the languages from the
Americas revealed several interesting properties, as shown
in fig. 2. First, there is a clear qualitative influence of
the radius (one, two or three) on the shape of the Lapla-
cian spectra. Further work should study such differences.
Second, despite the mentioned differences all spectra dis-
played a notorious peak at eigenvalue one.

Particularly for radius two, all the Laplacian spectra
showed a similar distribution in which the lowest and the
largest eigenvalues are, respectively, 0 and 1.75. All distri-
butions showed peaks at specific eigenvalues: 0.25, 0.75,
1, 1.25 and 1.5. The existence of these peaks suggest un-
derlying structural properties of languages (and linguistic
families) from the Americas.

Fig. 3: Frequency of eigenvalue one λ1 vs. word entropy
H . According to our corpus of 85 languages from the Amer-
icas, largest linguistic families (Panoan, Arawakan, Mayan,
Otomanguean and Quechuan languages) are plotted in the two-
dimensional space formed by the frequency of the eigenvalue
one and word entropy. Other languages are indicated with
black ×. Results are based on co-occurrence graphs with ra-
dius two.

To interpret the appearance of peaks at eigenvalue one,
we first remark that node duplication, in which one new
node is introduced to a graph (with the same connectiv-
ity pattern of the duplicated node), results in an increase
in the eigenvalue λ = 1 [8]. As shown in fig. 3 (for ra-
dius two), the frequency of eigenvalue one λ1 is negatively
correlated with word entropy H .

The non-parametric Spearman rank correlation gives
−0.624 (radius one); −0.645 (radius two); and −0.610 (ra-
dius three) (p < 0.001 level). This suggested an interest-
ing fact: low word entropy linguistic families (Maya and
Otomangue) exhibited at the same time large frequencies
of λ1. This might indicate higher levels of node duplica-
tion in languages of low word entropy.

Relationships between linguistic families. The Lapla-
cian spectra of linguistic families from the Americas are
shown in fig. 4 (top). As previously suggested, linguis-
tic families differ at specific eigenvalue peaks. In qual-
itative terms, Mayan and Otomanguean languages seem
to be closer regarding Panoan, Arawakan and Quechuan
languages.

As expected, linguistic subfamilies tend to be grouped,
as shown in fig. 4 (bottom). Given that similar Laplacian
spectra reflect similar graph properties, we might notice
that relationships within linguistic families (for example,
between Quechua I and Quechua II ) are recovered by their
spectra distributions.

Comparisons with typological information. In order
to compare Laplacian spectrum distributions with typo-
logical data, we applied the t-SNE [37] dimensionality
reduction technique (using the scikit-learn implementa-
tion [38]). This technique is particularly well designed for
embedding high-dimensional data. In our case, we reduced
the dimensionality of the two main sources of data to a
two-dimensional space: 10000 eigenvalues of the Laplacian
spectra; and 103 typological features. As shown in fig. 5,
some previous observations about the organization of lin-
guistic families of the Americas can be recovered from the

22001-p4
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Fig. 4: Laplacian spectra of linguistic families from the Amer-
icas. The top panel shows the Laplacian spectra of a number
of linguistic families from the Americas (Panoan, Arawakan,
Mayan, Otomanguean and Quechuan languages). The bot-
tom panel shows the Laplacian spectra of the corresponding
linguistic subfamilies (according to the available data). Lan-
guages belonging to a specific linguistic family are represented
by colors. A group of languages (linguistic family or subfam-
ily) is represented by the average of the Laplacian spectra of
its associated languages. Results are based on co-occurrence
graphs with radius two.

two-dimensional embedding of Laplacian spectra. Despite
the fact that embedding high-dimensional datasets into
low-dimensional spaces supposes some distortions, Mayan
and Otomanguean languages can be grouped as a sepa-
rated linguistic area.

Confirming visual observations on two-dimensional em-
beddings, we give a quantitative approach to the formation
of language areas based on a simple classification task for
linguistic areas: Mayan and Otomanguean languages vs.
Panoan, Arawakan and Quechuan languages. We trained
two Random Forest [38] classifiers combining 100 individ-
ual trees: a 2-way classifier that takes 103 typological fea-
tures taken from lang2vec; and a 2-way classifier using
the smoothed eigenvalue distribution Λ∗ to represent each
language. The two classifiers obtain F1-measures of 96.96
± 0.08 and 87.27 ± 0.10 (3-fold cross-validation), respec-
tively. This result suggests that the task of separating into
two language areas can be solved with high accuracy for
the Laplacian spectrum representation of languages.

Clustering of related languages. To extract informa-
tion from distance matrices, which define pairwise sim-
ilarities between pairs or group of languages, we used
two inter-related techniques. First, we clustered related
languages using a heatmap, as shown in fig. 6. In this
representation, each linguistic subfamily cell is represented

Fig. 5: Two-dimensional representation of Laplacian spectrum
distributions and typological dara using t-SNE. According to
our corpus of 85 languages from the Americas, largest linguis-
tic families (Panoan, Arawakan, Mayan, Otomanguean and
Quechuan languages) are plotted in the two-dimensional space
formed by the embedding of 10000 eigenvalues of the Laplacian
spectra (top); and 103 typological features (bottom). Other
languages are indicated with black ×. Results are based on
co-occurrence graphs with radius two.

by a color. Darker colors indicate increasing distances be-
tween pair of linguistic subfamilies. Columns and rows
were rearranged by unsupervised agglomerative cluster-
ing [32,39]. Unlike the classification results, we remark
thus that no label has been assigned to the linguistic sub-
families. A first important observation relies on the num-
ber of clusters. Dendrograms illustrated how each cluster
is composed by small groups of languages. For both pan-
els, Mayan and Otomanguean languages are clustered to-
gether. As expected, for both panels Quechuan languages
behave as a linguistic unit. By contrast, the two sources
of data (Laplacian spectra distributions and typological
data) differ regarding Arawakan languages. Further work
should study this observation.

Discussion. –

Laplacian spectra of low-resource languages from the
Americas. In this paper, we described the Laplacian
spectra of languages from the Americas, extracting ty-
pologically valuable information from parallel corpora.
By contrasting Laplacian spectra with syntactic features
(from lang2vec) and word entropy values, we demon-
strated two key findings: linguistic families from the
Americas can be represented by their Laplacian spectra,
and there is a notable relationship between the frequency
of the eigenvalue one λ1 and word entropy values.

Digital representation of low-resource languages. Dig-
ital representations of low-resource languages are cru-
cial in addressing inequalities embedded in data scarcity.

22001-p5
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Fig. 6: Heatmaps representing Laplacian spectrum distribu-
tions and typological data. For smoothed Laplacian spectrum
distributions (top) and lang2vec typological data (bottom),
linguistic subfamily cells were rearranged using agglomerative
clustering. Each subfamily is represented as the mean vector
of its languages. Distances between Laplacian spectra are cal-
culated by eq. (2), while distances between typological vector
are calculated by the cosine between their representations. Cell
numbers indicate normalized distances.

Hidden within this scarcity are endangered cultures and
knowledge systems. While privileged languages like
English benefit from advanced computational tools, low-
resource languages often lack such advantages. Graph-
based representations, as proposed here, require minimal
data compared to modern neural network approaches,
making them particularly suitable for addressing this gap.

Interdisciplinary and computational approaches to ty-
pology. Our approach aligns with Bender’s critique of
language independence in NLP systems [40], emphasizing
the need for linguistic knowledge. Computational meth-
ods for analyzing linguistic structures bridge NLP, typol-
ogy, computational linguistics, and statistical mechanics,
fostering interdisciplinary collaboration to address varia-
tions in linguistic structure.

Comparison with other classification efforts. The pro-
posed graph-based method provides a distinct perspective
compared to recent studies utilizing parallel corpora or en-
tropy measures [25,27]. While parallel corpora approaches
excel for resource-rich languages, they are less effective
for low-resource languages. Similarly, entropy measures

capture probabilistic structures but lack the topological
granularity provided by graph-based representations. By
leveraging the Laplacian spectrum, our approach inte-
grates global and local structures, offering complementary
insights into linguistic typology.

Connection to linguistic complexity. Our findings
contribute to debates on linguistic complexity, linking
spectral graph metrics with established measures like
entropy. High entropy values, indicative of morpho-
logical richness [25], correlate with eigenvalue distribu-
tions, suggesting that spectral properties serve as prox-
ies for linguistic complexity. The observed peaks in
the Laplacian spectrum reflect structural redundancies
and variances in linguistic graphs, corresponding to mor-
phological or syntactic features inherent to specific lan-
guage families. This integration of graph-theoretic and
information-theoretic approaches underscores the value of
interdisciplinary methods in advancing linguistic typology
and analyzing low-resource languages.

Data availability statement : The data that support the
findings of this study are openly available at the following
URL/DOI: http://unicode.org/udhr/index.html.
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J. L. and Alemany-Puig L., Phys. Rev. E, 105 (2022)
014308.

[35] Bishop C. M., Pattern Recognition and Machine Learn-
ing (Information Science and Statistics) (Springer-Verlag,
Berlin, Heidelberg) 2006.

[36] Jones E., Oliphant T., Peterson P. et al.,
SciPy: Open source scientific tools for Python (2001),
http://www.scipy.org/.

[37] van der Maaten L. and Hinton G., J. Mach. Learning
Res., 9 (2008) 2579.

[38] Pedregosa F., Varoquaux G., Gramfort A.,

Michel V., Thirion B., Grisel O., Blondel M.,

Prettenhofer P., Weiss R., Dubourg V., Vander-

plas J., Passos A., Cournapeau D., Brucher M.,

Perrot M. and Duchesnay E., J. Mach. Learning Res.,
12 (2011) 2825.

[39] Waskom M. L., J. Open Source Softw., 6 (2021)
3021.

[40] Bender E. M., Linguistically näıve != language
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