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Abstract

From a cross-linguistic perspective, language models are interesting because they can be

used as idealised language learners that learn to produce and process language by being

trained on a corpus of linguistic input. In this paper, we train different language models, from

simple statistical models to advanced neural networks, on a database of 41 multilingual text

collections comprising a wide variety of text types, which together include nearly 3 billion

words across more than 6,500 documents in over 2,000 languages. We use the trained

models to estimate entropy rates, a complexity measure derived from information theory. To

compare entropy rates across both models and languages, we develop a quantitative

approach that combines machine learning with semiparametric spatial filtering methods to

account for both language- and document-specific characteristics, as well as phylogenetic

and geographical language relationships. We first establish that entropy rate distributions

are highly consistent across different language models, suggesting that the choice of model

may have minimal impact on cross-linguistic investigations. On the basis of a much broader

range of language models than in previous studies, we confirm results showing systematic

differences in entropy rates, i.e. text complexity, across languages. These results challenge

the long-held notion that all languages are equally complex. We then show that higher

entropy rate tends to co-occur with shorter text length, and argue that this inverse relation-

ship between complexity and length implies a compensatory mechanism whereby increased

complexity is offset by increased efficiency. Finally, we introduce a multi-model multilevel

inference approach to show that this complexity-efficiency trade-off is partly influenced by

the social environment in which languages are used: languages spoken by larger communi-

ties tend to have higher entropy rates while using fewer symbols to encode messages.

Author summary

To better understand human language as a complex system, our study leverages the power

of computational language models and quantitative statistical analysis. We custom-trained

seven different language models–from simple statistical models to state-of-the-art deep

neural networks–on a database of 41 multilingual text collections, covering over 2,000 lan-

guages, more than 6,500 documents, and almost 3 billion words. We develop a novel sta-

tistical framework that makes it possible to account for language- and document-specific
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P (2025) Human languages trade off complexity

against efficiency. PLOS Complex Syst 2(2):

e0000032. https://doi.org/10.1371/journal.

pcsy.0000032

Editor: Giulio Rossetti, Alessandro Faedo Institute

of Science and Technology National Research

Council: Consiglio Nazionale delle Ricerche Istituto

di Scienza e Tecnologie dell’Informazione

Alessandro Faedo, ITALY

Received: August 28, 2024

Accepted: December 3, 2024

Published: February 3, 2025

Peer Review History: PLOS recognizes the

benefits of transparency in the peer review

process; therefore, we enable the publication of

all of the content of peer review and author

responses alongside final, published articles. The

editorial history of this article is available here:

https://doi.org/10.1371/journal.pcsy.0000032

Copyright: © 2025 Koplenig et al. This is an open

access article distributed under the terms of the

Creative Commons Attribution License, which

permits unrestricted use, distribution, and

reproduction in any medium, provided the original

author and source are credited.

Data Availability Statement: All data and code

(Stata v18.0 and Python v3.6.8) needed to replicate

https://orcid.org/0000-0002-9630-9680
https://doi.org/10.1371/journal.pcsy.0000032
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pcsy.0000032&domain=pdf&date_stamp=2025-02-03
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pcsy.0000032&domain=pdf&date_stamp=2025-02-03
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pcsy.0000032&domain=pdf&date_stamp=2025-02-03
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pcsy.0000032&domain=pdf&date_stamp=2025-02-03
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pcsy.0000032&domain=pdf&date_stamp=2025-02-03
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pcsy.0000032&domain=pdf&date_stamp=2025-02-03
https://doi.org/10.1371/journal.pcsy.0000032
https://doi.org/10.1371/journal.pcsy.0000032
https://doi.org/10.1371/journal.pcsy.0000032
http://creativecommons.org/licenses/by/4.0/


features, as well as phylogenetic and geographic relationships among languages. Our

results show that, despite their architectural differences, these models produced remark-

ably consistent rankings of language complexity, challenging the long-held notion that all

languages are equally complex. Moreover, we discovered a trade-off between complexity

and efficiency: languages with higher complexity tend to use fewer symbols. We show that

this trade-off is influenced by the social environments in which languages are used, with

larger communities tending to use more complex but more efficient languages. These

findings suggest that language complexity is not uniform but rather an adaptive response

to the demands of communication within varying social contexts.

1. Introduction

1.1. Research objective

A model that assigns probabilities to sequences of linguistic symbols is called a language model

(LM) [1]. While originally only trained on (vast amounts of) textual data to predict upcoming

linguistic material [2], modern LMs demonstrate impressive and at times surprising capabili-

ties in a wide range of scientific applications beyond linguistic tasks, such as predicting protein

structures [3], forecasting time series [4], accelerating drug and material discovery [5,6], ana-

lysing genomic and epi-genomic data [7], and enhancing climate modelling [8].

In the fields of linguistics and natural language processing (NLP), LMs excel in traditional

tasks, as evidenced by their ability to perform zero-shot learning, where they effectively gener-

alise to new tasks without specific training, as shown by [9]. This highlights their potential to

acquire human-like grammatical language through statistical learning, without relying on a

built-in grammar [10]. On this basis, a vibrant research field has emerged, where LMs are

being used as computational working models [11] or models of languages [12] to study differ-

ent aspects of language processing and comprehension [2].

While we do not claim that LMs truly understand language [11] or attribute meaning in a

similar way as humans do [13], we believe that LMs are interesting from a cross-linguistic per-

spective, because they can be used as idealised language learners that learn to produce and pro-

cess language by being trained on a corpus of linguistic input [10,11,14]. A central goal of

linguistics is to understand the diverse ways in which human language can be organised. By

training an LM on linguistic material in different languages, researchers can investigate how

these models learn and generalise linguistic structures and rules across different languages and

language families.

In this paper, we use this framework to enhance our understanding of human language as a

complex system. To this end, we custom-trained seven different LMs on a database of more

than 6,500 different documents, covering over 2,000 languages.

The main contributions of this paper are fourfold:

• We develop a novel quantitative framework that integrates machine learning with semipara-

metric spatial filtering methods. This framework allows for the simultaneous consideration

of language- and document-specific features, as well as phylogenetic and geographic rela-

tionships among languages. Additionally, we introduce a multi-model multilevel inference

approach designed to test whether cross-linguistic variation is statistically associated with

sociodemographic factors, while accounting for phylogenetic and spatial autocorrelation.

• We measure language complexity using information-theoretic entropy rates and extend pre-

vious work by applying this method to a broader range of language models (LMs)–from
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simple statistical models to machine learning models, among them advanced deep learning

models including transformers. Additionally, we expand the analysis to include sub-word

but supra-character encoding levels, offering a more detailed and layered perspective on lan-

guage complexity. We demonstrate that, despite their pronounced architectural differences,

the investigated LMs produce remarkably consistent rankings of language complexity across

all considered symbolic levels. This challenges the idea that all languages are equally

complex.

• We present, discuss, and evaluate evidence for a previously undocumented trade-off between

complexity and efficiency: higher entropy rates tend to co-occur with shorter text lengths.

From an information-theoretic perspective, message length quantifies efficiency–the shorter

the message, the higher the efficiency [15]. We argue that this inverse relationship between

complexity and length implies a compensatory mechanism, whereby increased complexity is

offset by greater efficiency.

• We show that this trade-off is influenced by the social environments in which languages are

used, with larger communities tending to use more complex but more efficient languages.

1.2. Background and related work

Parallel corpora are valuable in a cross-linguistic context because they enable systematic com-

parisons of language processing across different languages [16]. By providing translations of

the same text in multiple languages, parallel corpora allow researchers to study how LMs han-

dle similar content across varying grammatical structures and lexicons. These datasets also

facilitate the testing and understanding of linguistic laws, i.e., statistical patterns shared across

human languages [17], or the examination of whether languages adapt to the geographical or

sociodemographic environments in which they are learned and used [18–22]. Yet another

idea–dating back to the work of Greenberg [23]–that was revived with the development of

large parallel corpora [24] is to use parallel texts to classify and compare languages [16]. Exam-

ples of such cross-linguistic studies are [25–29]. However, the majority of the aforementioned

studies are based on very peculiar text types, especially translations of the Bible and there are

several important challenges that the use of the Bible as a parallel text source pose [20,30,31].

To address this limitation, we leveraged available corpora and multilingual text collections

[32–35] and compiled a database of parallel texts comprising a large variety of different text

types, e.g. religious texts, legalese texts, subtitles for various movies and talks, and machine

translations. In addition, we added comparable corpora, i.e., texts that are not parallel but

come from comparable sources and are therefore similar in content, again comprising very

different text types/genres, e.g. newspaper texts, web crawls, Wikipedia articles, translation

tables for system messages in the Ubuntu operating system, or translated example sentences

from a free collaborative online database. Furthermore, we added information from the Crú-

badán project [36] that aims at creating text corpora for a large number of (especially under-

resourced) languages. In total, the compiled database contains 41 different multilingual cor-

pora, comprising nearly 3 billion words or nearly 9 billion Unicode characters across more

than 6,500 documents and covering over 2,000 languages. These languages are spoken as a

native language by more than 90% of the world’s population and represent almost half of all

languages with a standardised written representation.

In a recent paper [37], we presented the first results based on this database. In this study,

our primary focus was a cross-linguistic examination of language complexity, a topic that has

garnered significant attention in linguistics and related fields over the past two decades–for an

overview, see [38]. In our study, we quantitatively evaluated the so called equi-complexity
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hypothesis that suggests that all human languages, despite their diverse and varied nature, have

the same level of overall complexity [39]. To overcome the difficulty of measuring overall lan-

guage complexity [40], we leveraged information theory, an area of mathematics that links

probability and communication [41] and provides notions of complexity that are both objec-

tive and theory-neutral [42]. To this end, we trained a simple statistical LM on each of our doc-

uments and statistically analysed the training process to infer the average per-symbol

information content or entropy rate of each document, which can be interpreted as a measure

of complexity [43,44]: the harder it is, on average, to predict upcoming text, the higher the

entropy rate, the greater is the complexity of the text as a whole [10,45–47]. We argued the

entropy rate can thus also be used to compare the complexity of different languages. We then

statistically compared complexity rankings across different corpora by calculating correlation

coefficients between the entropy rates across all possible pairs of multilingual corpora. For

example, we correlated the entropy rate rankings derived from a corpus of movie subtitles in

various languages with those from a similarly diverse corpus of Wikipedia sentences. This

approach, applied comprehensively to all pairs among our 41 different multilingual corpora,

makes it possible to assess the consistency of complexity rankings across various types of lin-

guistic data. From an information-theoretic point of view, we showed that our results consti-

tute evidence against the equi-complexity hypothesis: a language with high/low entropy rate in

one corpus also tends to be more/less complex in another corpus.

1.3. Research Question and Scope

As higher complexity in language results in more demanding processing efforts, encompassing

both language production and comprehension, our study [37] naturally leads to the question:

Why is there a trend towards increased complexity in certain languages? In the present study we

pursue this issue by providing evidence suggesting that languages with high entropy rates,

which indicate greater complexity, require fewer symbols to encode messages. This points to a

compensatory mechanism: higher complexity is balanced by increased efficiency, in terms of

shorter message lengths.

The main purpose of this study is to present, discuss and evaluate evidence for such a com-

plexity-efficiency trade-off, while also striving to enhance the following empirical and method-

ological aspects of our prior work.

First, in our previous paper we trained a rather simple statistical LM. However, as Baroni

[48] pointed out, different LMs have uniquely structured internal architectures, and thus cannot

be viewed as "blank slates". Instead, they should be regarded as algorithmic linguistic theories

"encoding non-trivial structural priors facilitating language acquisition and processing" [48].

These architectural differences affect how LMs acquire and process language. For instance, n-

gram models primarily rely on local context and assume fixed-length dependencies. To estimate

the probability of the next symbol, n-gram models build a conditional probability distribution

based on a limited context window that only takes into account the preceding few words (e.g.

n = 2, 3, 4, 5) [2]. This restriction on context can lead to a loss in the model’s ability to capture

long-range dependencies that are essential for grammatical complexity in human languages.

More advanced models, such as transformers and other neural network architectures, are

equipped with mechanisms like self-attention that allow them to capture complex, long-range

dependencies and richer contextual information from the input data [2]. These architectural

differences enable different models to capture linguistic complexity at various levels, from basic

statistical patterns to more nuanced syntactic and semantic relationships.

To extend our previous work, we thus train various types of LMs on our data, ranging from

simple statistical n-gram models to state-of-the-art transformer models. This approach allows

PLOS COMPLEX SYSTEMS Human languages trade off complexity against efficiency

PLOS Complex Systems | https://doi.org/10.1371/journal.pcsy.0000032 February 3, 2025 4 / 42

https://doi.org/10.1371/journal.pcsy.0000032


us to compare how models with varying levels of sophistication interpret and represent lan-

guage complexity, providing a more comprehensive understanding of the phenomenon across

models. Surprisingly, we show that, from a cross-linguistic perspective, the type of LM has rel-

atively little impact on the obtained results.

Secondly, we improve and extend our prior work methodologically by developing a

machine learning method that fully accounts for the relatedness of languages: when comparing

languages, statistical challenges arise due to the fact that closely related languages often exhibit

more similarities among themselves in various aspects than they do with more distantly related

languages. Additionally, languages originating from the same regions often tend to be influ-

enced by common factors, further complicating the analysis [49–51]. While we have included

language family, macro-area and country as factors to account for the genealogical and geo-

graphic relatedness of languages in our prior paper, this approach ignores variation within lan-

guage families and geographical units as pointed out in several recent studies [49–53]. To

address this issue, we develop two quantitative approaches: (i) a semiparametric machine

learning estimation method capable of simultaneously controlling for document- and lan-

guage-specific characteristics while directly modelling potential effects due to phylogenetic

relatedness and geographic proximity; (ii) a multi-model multilevel inference approach

designed to test whether cross-linguistic outcomes are statistically associated with sociodemo-

graphic factors, while accounting for phylogenetic and spatial autocorrelation via the inclusion

of random effects and slopes.

1.4. Structure of the paper

The structure of this paper is as follows: the next section introduces the multilingual database

and details the procedures for compiling the text data (Sect. 2.1). This is followed by a descrip-

tion of the sociodemographic and linguistic variables considered in this study (Sect. 2.2). We

then introduce the investigated LMs (Sect. 2.3) and describe how the textual data was pre-pro-

cessed (Sect. 2.4). The methodology for estimating entropy is presented in Sect. 2.5. Sect. 2.6 is

devoted to statistical methods. We first present a novel method for evaluating the similarity of

entropy rates and length distributions across different corpora (Sect. 2.6.1), followed by a

description of the multi-model inference approach used to examine the impact of the number

language users on the entropy-length trade-off (Sect. 2.6.2).

In Sect. 3, we present our findings. The paper concludes with the "Discussion" section,

where we evaluate potential limitations of our approach, examine the relevance of the com-

plexity-efficiency trade-off, and outline directions for future research (Sect. 4).

All data and code (Stata v18.0 and Python v3.6.8) needed to replicate our analyses are avail-

able at https://osf.io/xdwjc/. In addition, interactive results and visualisations are available

online at https://www.owid.de/plus/tradeoffvis/.

2. Materials and methods

Some material in this section is recycled from our prior publications [37,54], in accordance

with the guidelines provided by the Text Recycling Research Project [55].

2.1. Database

In what follows, we give an overview regarding the database. Additional in-depth details

regarding all corpora can be found in [37]. In total, we analysed 41 different multilingual text

collections. 40 text collections consist of actual full text data, while the remaining collection

consists of word frequency information from the Crúbadán project [36]. Of the 40 full-text col-

lections, 33 are fully parallel and 7 corpora contain comparable documents. The full-text
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corpora can be loosely categorised into the following text types: 5 religious text collections, 4

news/Wikipedia/Web crawls text collections, 5 text collections containing legalese texts, 22

multilingual subtitle corpora and 4 collections of other text types.

2.1.1. Text types. Religious texts. The two parallel text collections BibleNT and BibleOT
are both part of the Parallel Bible Corpus (PBC) made available by Mayer and Cysouw [33]

and containing a total of 1,568 unique translations of the Bible. The BibleNT text collection

consists of all 27 books that belong to the New Testament of the biblical canon. In total, ND =

1,459 different documents, i.e., translations of the New Testament into another language, are

available for NL = 1,093 individual languages. The median length of individual documents is

~LW ¼ 227;391 words and ~LC ¼ 1;190;294 characters. Correspondingly, the BibleOT text col-

lection consists of all 39 books that belong to the Old Testament (ND = 254; NL = 147;

~LW ¼ 642;772; ~LC ¼ 3;259;354). Each translation was pre-tokenised, Unicode normalised,

and spaces were inserted between words, punctuation marks, and non-alphabetic symbols by

the corpus compilers, who also manually checked and corrected the texts where necessary

[33]. Additionally, great care was taken to account for language-specific peculiarities. For

instance, in the Austronesian language Arifama-Miniafia, the right single quotation mark rep-

resents the glottal stop [33]. Another example is tone marking, which in languages such as Chi-

nantec, Mazatec, or Nambikuára is represented by raised numbers indicating tones. For

instance, in the Sochiapan Chinantec translation of the sentence "I am the God of Abraham,"

the text reads: "Jná13 bı́h1 la32 Dió32 Juo13 Há2bran21" Automatically tokenising this sentence

into words (see Sect. 2.4) would mistakenly split words into separate parts, e.g., "Há bran." For

further information, see Bentz et al. [27], Appendix A.

Another distinctive feature of the PBC, compared to the other multilingual text collections

in the corpus, is the usage of full vocalisation using tashkīl diacritics, as highlighted by Gutier-

rez-Vasques et al. [56]. In Arabic, short vowels are usually not written–most registers omit

them, while some use diacritical marks to indicate their presence. For example, in Egyptian

Arabic, the PBC encodes the word for "peace" as "salām" , marking the short vowels

with diacritics. In other text collections, only the ’skeleton’ letters "sl’m" are provided,

leaving the short vowels implied. As discussed further in Sect. 2.4, this lack of vowel represen-

tation complicates computational and quantitative analyses. The quality and consistency of the

PBC in encoding such features enhances the reliability of our cross-linguistic results. For fur-

ther information regarding text pre-processing, see Sect. 2.4.

The two parallel text collections WatchtowerV1 and WatchtowerV2 are also part of the Par-

allel Bible Corpus, both containing translations of different introductory texts of the Jehovah’s

Witnesses’ official web site [16] (WatchtowerV1: ND = 142; NL = 140;

~LW ¼ 129;008; ~LC ¼ 659;563; WatchtowerV2: ND = 265; NL = 260;

~LW ¼ 7;194; ~LC ¼ 35;608). The Quran collection consists of parallel translations of the cen-

tral text of the Islam downloaded from http://tanzil.net/trans/ (accessed 4/30/20, ND = 43; NL

= 43; ~LW ¼ 182;950; ~LC ¼ 860;590).

Web crawls. The GlobalVoices comparable collection consists of contributions to the citizen

media platform Global Voices. Raw text files of all articles were downloaded from http://

casmacat.eu/corpus/global-voices.html (version: 2018Q4; accessed 4/30/20, ND = 40; NL = 39;

~LW ¼ 20;021; ~LC ¼ 112;541). The other three collections were compiled based on plain text

files from the Leipzig Corpora Collection (LCC) [35] that presents corpora in a uniform for-

mat. Here we focus on three collections that we name as follows (i) LCCnews, i.e., text material

of crawled newspapers available online (ND = 112; NL = 85; ~LW ¼ 196;899; ~LC ¼ 1;119;551),
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(ii) LCCweb, i.e., text material crawled from randomly chosen web pages (ND = 87; NL = 85;

~LW ¼ 195;953; ~LC ¼ 1;127;076), and (iii) LCCwiki, i.e., text material from Wikipedia dumps

(ND = 171; NL = 171; ~LW ¼ 185;770; ~LC ¼ 1;038;774). Each document in each corpus consists

of 10,000 randomly shuffled sentences in the corresponding language.

Legalese text. To compile the UDHR parallel collection, we downloaded parallel translations

of the Universal Declaration of Human Rights from https://unicode.org/udhr/ (accessed 4/30/

20, ND = 452; NL = 399; ~LW ¼ 1;978; ~LC ¼ 10;822). The other four legalese parallel text collec-

tions are all obtained from the OPUS project [32]. The EUconst collection consists of different

translations of the European Constitution (ND = 21; NL = 21; ~LW ¼ 92;607; ~LC ¼ 620;502).

Europarl is a corpus of documents extracted from the European Parliament web site (ND = 21;

NL = 21; ~LW ¼ 5;362;935; ~LC ¼ 31;959;314). The collection EUmed is compiled from PDF

documents from the European Medicines Agency (ND = 22; NL = 22;

~LW ¼ 3;241;844; ~LC ¼ 18;714;208). UNPC consists of manually translated documents in the

six official languages of the United Nations (ND = 6; NL = 6;

~LW ¼ 341;723;872; ~LC ¼ 879;903;168).

Subtitles. The parallel subtitle collections consist of two types: subtitles of movies and subti-

tles of TED talks. The 13 subtitle collections are based on the ParTy corpus [34]. The Technol-

ogy, Entertainment, Design (TED) talk subtitles were downloaded from https://amara.org/en/

teams/ted/videos/ (accessed 4/30/20). Information regarding movie/talk titles, number of

translations/languages per corpus and median lengths are provided in Table 1.

Other. The comparable collection Ubuntu consists of Ubuntu localization files. Texts are

available from OPUS [32] (ND = 86; NL = 86; ~LW ¼ 5;780; ~LC ¼ 35;888). To compile the

Table 1. Overview of the subtitle text collections. 1st column: collection. 2nd column: collection id. 3rd column: movie/talk title. 4th column: number of documents.

5th column: number of different languages (ISO-639-3 codes). 6th/7th column: median text length in words/characters.

Collection ID Title ND NL ~L~
W

~L~
C

Movies MSub01 Amelie 29 29 7,349 34,207

MSub02 Avatar 26 26 9,695 43,988

MSub03 Black Swan 37 37 4,661 20,444

MSub04 Bridge of Spies 16 16 12,690 60,718

MSub05 Das Leben der Anderen 15 15 8,908 42,103

MSub06 Frozen 27 27 7,832 34,262

MSub07 Gone Girl 12 12 17,317 79,075

MSub08 Grand Budapest Hotel 9 9 9,598 46,148

MSub09 Imitation game 15 15 10,303 49,983

MSub10 Inception 28 28 10,937 53,059

MSub11 Ironlady 14 14 9,679 45,133

MSub12 Noah 30 30 5,516 25,804

MSub13 Spectre 14 14 7,533 34,984

TED Talks TEDt01 Bring on the learning revolution 50 50 3,075 14,455

TEDt02 Do schools kill creativity 60 59 3,555 17,360

TEDt03 Doing the impossible cutting through fear 61 60 3,763 18,468

TEDt04 Modern Warrior 31 31 2,099 10,409

TEDt05 My philosophy for a happy life 31 31 1,853 8,658

TEDt06 Secondary sugar kills 28 28 1,369 6,318

TEDt07 Speak to the heart 74 71 1,376 7,017

TEDt08 Success is a continuous journey 49 48 770 3,669

TEDt09 Why is x the unknown 52 51 562 2,746

https://doi.org/10.1371/journal.pcsy.0000032.t001
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parallel Google Translate collection, we used Google Translate (https://translate.google.com;

accessed 09/04/19) to machine translate a short passage excerpt from the book "Aldono al la

Dua Libro de l’ Lingvo Internacia" in the constructed language Esperanto, written by its inven-

tor L.L. Zamenhof (downloaded from http://esperanto.davidgsimpson.com/librejo/index.html

on 09/04/19) into 102 languages (see [37] for the translated passage; ND = 102; NL = 102;

~LW ¼ 716; ~LC ¼ 3;875). The two comparable corpora Tatoeba V1 and Tatoeba V2 are com-

piled based on Tatoeba, a collaborative online platform that makes available sentences trans-

lated into different languages. Raw data were downloaded from https://tatoeba.org/deu/

downloads (accessed 4/30/20; V1: ND = 183; NL = 183; ~LW ¼ 656; ~LC ¼ 3;034; V2: ND = 123;

NL = 123; ~LW ¼ 3;438; ~LC ¼ 15;710).

Word list. To generate the word list data, we downloaded all available lists from the Crúba-

dán project [36] from http://crubadan.org/files/ (accessed 4/30/20). In total, we arrived at

2,216 word frequency lists for a total of NL = 1,943 different languages (~LW ¼ 101;079).

2.1.2. Overview of the database. Fig 1 displays a map highlighting the geographical distri-

bution of languages for the compiled multilingual database. The figure reveals an imbalance at

the language level within the database: over 100 languages have at least 10 documents, but

approximately 75% of languages have fewer than four documents. This scarcity reflects the

limited electronic availability of documents in languages spoken by smaller populations [36].

This is exemplified by the contrast in median speaker numbers: while the median for all non-

extinct languages documented by Ethnologue stands at 8,000 [57], the median for languages

represented with at least one document in our database is significantly higher, at 30,000. In

addition, the majority of our text collections contain a comparatively small number of individ-

ual documents, with a median of 40 documents per corpus. This limited size can be attributed

to specific reasons in certain cases; for example, the EUconst collection is naturally restricted to

translations of the European Constitution into the official languages of the European Union.

In contrast, for other collections such as the subtitle corpora, translations into further

Fig 1. Global distribution of collected documents per language. Approximately 76% of languages have fewer than five documents. On the other side of this

spectrum, over 160 languages have more than 10 documents. This imbalance reflects the limited electronic availability of documents in languages spoken by

smaller populations [36].

https://doi.org/10.1371/journal.pcsy.0000032.g001
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languages were not available when we compiled the database. On the other side of the spec-

trum, we have 11 multilingual text collections that consist of more than 100 different docu-

ments. As described above, documents are rather short, e.g. 25% of the documents are below

14,575 characters or 3,181 words. However, 200 documents are longer than 1 million charac-

ters, 49 documents are longer than 10 million characters and the longest documents are several

hundred million words and more than a billion characters long.

In what follows we statistically compare the structure found in smaller corpora (i.e., those

consisting of shorter documents and/or a limited number of available documents) with the

structure found in larger corpora (i.e., those consisting of longer documents and/or data points

for many languages). The idea is that if the results from both smaller and larger corpora align,

this strengthens the claim that these results are not merely artefacts resulting from database

bias. Additionally, we include control covariates, such as the number of corpora per language,

to account for the unbalanced nature of our database, as described in the next section.

2.2. Sociodemographic and linguistic variables

Information on speaker population size, corpus, language family, language (identified by its

ISO-639-3 code), macro-area, writing script, speaker population size, longitude and latitude

are taken from [37]. Writing script refers to the writing system in which the corresponding

document is written in. In total, we have information for ND = 6,513 different documents

using 51 different writing scripts. The vast majority (ND = 5,183 or 79.58%) of our documents

are written in Latin script, followed by Cyrillic (ND = 463 or 7.11%), Arabic (ND = 156 or

2.40%) and Devanagari (ND = 98 or 1.50%). Expanded Graded Intergenerational Disruption

Scale (EGIDS) level information was initially sourced from [58], which is reported in Glottolog

[59] (v4.2.1). Country is defined by Ethnologue [60,61] as the primary country/country of ori-

gin of the language in question [57]. To ensure completeness, we manually supplemented

missing data from [58] by cross-referencing with Glottolog and Ethnologue. The EGIDS level

serves as a measure of a language’s endangerment status [62]. We use the EGIDS level as a

covariate to control for potential translation effects [63,64], as languages with lower EGIDS

levels are presumably more likely to be used as source languages, while languages with higher

EGIDS levels are presumably more likely to be used as target languages. For example, an

EGIDS level of 0 (labelled "International") pertains to the six official United Nations languages:

Arabic, Chinese, English, French, Russian, and Spanish. On the other hand, languages with

values of five and above pertain to languages that are not used in formal education, mass

media or by the government, and they may consequently be more susceptible to (more) pro-

nounced "translationese" influences [64]. With a similar logic in mind and to account for the

unbalancedness of our database (see Sect. 2.1.2), we also consider the number of corpora with

at least one available document per language as an additional control variable in what follows.

Further information regarding the classification of languages into macro-family and sub-

family are taken from [65]. We manually added information for languages that was missing by

using publicly available genealogical classifications (see the script ‘prepare_language_info.do’

available at https://osf.io/tkgph/ for details). Classifications in [65] are given as comma-sepa-

rated values. We define the first value as the macro-family and the second one as the sub-fam-

ily, e.g. for the language “Ghotuo” the classification is “Niger-Congo, Atlantic-Congo, Volta-

Congo, Benue-Congo, Edoid, North-Central, Ghotuo-Uneme-Yekhee”, so the macro-family is

“Niger-Congo” and the sub-family is “Atlantic-Congo”. Additionally, we use a phylogenetic

similarity matrix also provided by [65] that is based on word lists from the Automated Similar-

ity Judgment Program (ASJP) [66]. Information on the number of countries in which each

language is spoken was sourced from Glottolog (v4.2.1). We manually supplemented missing
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data by cross-referencing with Ethnologue [60,61]. The rationale behind considering this vari-

able as a potential covariate is to account for the varying degrees of pluricentrism [67]. For

instance, languages such as Chinese or Spanish are spoken in several countries and may there-

fore have different codified standard forms.

For further information and a discussion of potential caveats and problems regarding the

assignment of environmental variables to individual languages in order to reflect local group-

ing structure, see [68,69].

2.3. Language models

We use general-purpose data compression algorithms, taking advantage of the fact that lan-

guage modelling and lossless compression are essentially equivalent [70–72]. All data compres-

sion algorithms consist of a model and a coder [14]. Our focus is on the class of (lossless)

compressors where the algorithm uses training data to estimate a model, i.e., a conditional

probability distribution that can be used to generate predictions about upcoming symbols. To

perform compression, the predicted probabilities are then used to encode symbols using a

technique called arithmetic encoding [73].

The seven LMs that we investigate are summarised in Table 2. In what follows, further

details are given for each language model. Prediction by partial matching (PPM) [75,85] is a

dynamic and adaptive variable-order n-gram LM. The algorithm assumes the Markov prop-

erty: to predict the next symbol, the algorithm uses the last o immediately preceding symbols.

For PPM2, we set o to 2, i.e., the last 2 symbols are used as context to generate predictions. For

PPM6, we set o to 6. In both cases, the level of compression is set to maximum and the size of

used memory is set to 2,000 megabytes. PAQ can be described as a weighted combination of

predictions from a large number of models, where the individual models are combined using a

gated linear network [14,78,79,81]. The network has a single layer with 552 input nodes and

3,080 input weights. The model has a total of ~1.7 million weights, but due to a sparse updating

scheme which leads to faster compression and decompression, the effective number of param-

eters used in training is significantly lower. Only 552�7 = 3,864 weights are updated for each

bit of data. We use version PAQ8o and set the compression level to maximum, requiring 1,712

megabytes of memory.

NNCP [83] is a lossless data compressor that is based on the Transformer XL model defined

in [86]. Modifications to the original Transformer XL model and algorithmic details are pro-

vided in [87,88]. As for LSTM, the Adam optimiser is used and we use the "encode only"

Table 2. Language models. The table lists each investigated LM along with its implementation techniques, source, and time required to train it on a document of median

length. Training times are provided in seconds and categorised based on the hardware used: Central Processing Unit (CPU) and High-Performance Computing (HPC)

cluster with Graphics Processing Unit (GPU) support. The first five LMs were run exclusively on a CPU, while the remaining two LMs were run on a GPU. For compari-

son, we also include the computation time required if these two models are run on a CPU. Further implementation details are given in S1 Text.

LM Technique/Algorithm Model specification Source Time

PPM2 N-gram modelling [74], prediction by partial matching [75], memory: 2000

megabytes

order 2 [76,77] 0.1 (CPU)

PPM6 order 6 0.1 (CPU)

PAQ Context mixing [14,78], gated linear network [79] weights ~1.7 million, parameters

~3,800

[80,81] 54.5 (CPU)

LSTM Long short term memory [82] parameters ~3.93 million [83] 98.5 (CPU)

TRFsmall Transformer [84] parameters ~2.24 million 150.5 (CPU)

TRFmed parameters ~19.1 million 1,252.5 (CPU)/ 21.2

(GPU)

TRFbig parameters ~279 million 37,759.8 (CPU)/ 58.9

(GPU)

https://doi.org/10.1371/journal.pcsy.0000032.t002
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mode. For TRFsmall (version 3.1), we use the default options with four layers and a model

dimension of 256, resulting in a total number of ~2.24 million parameters. For TRFmed (ver-

sion 3.2), we set the number of layers to 12 and the model dimension to 512, resulting in a

total number of ~19.1 million parameters. For TRFbig (version 3.2), we use the available

"enwik9" profile that sets the number of layers to 20 and the model dimension to 1,024, result-

ing in a total number of ~279 million parameters.

In addition, NNCP offers compression based on a Long Short-Term Memory deep neural

network (LSTM) [82]. We use four layers of LSTM cells. The network is trained using trun-

cated-like backpropagation [87,89] and Adam optimisation is used to update network weights

[90]. We do not use a text pre-processor or tokeniser and we use the faster "encode only" mode

(the output cannot be decompressed, but the compression itself is still lossless). The total num-

ber of parameters is ~3.93 million parameters.

In addition, when discussing the relevance of the complexity-efficiency trade-off (Sect. 4),

we use OpenAI’s GPT-2 model [91] with ~1.5 billion parameters, as implemented in the Hug-

ging Face library [92].

2.4. Text pre-processing and information encoding units

Each document is tokenised and Unicode normalised where necessary. All uppercase charac-

ters are lowered based on the closest language-specific International Organization for Stan-

dardization (ISO) code. Unless otherwise specified in [37], the word-break algorithm of the

International Components for Unicode library [93; Annex #29] was used to detect word bound-

aries (in texts without spaces or marks between words, a dictionary lookup method is used by

the algorithm [94]). More details regarding each individual text collection can be found in

[37].

Following [27], we represent a text κ as a random variable that is created by drawing (with

replacement) from a set of symbol types V ¼ fs1; s2; s3; . . . ; sVg, where V is the number of sym-

bol types, i.e., V ¼ jVj. Correspondingly, a symbol token is any reoccurrence of a symbol type

[27]. In what follows, we estimate the relevant information-theoretic quantities for the follow-

ing information encoding units/symbol types: (i) (Unicode) characters, (ii) words and (iii)

sub-word units. For (iii), we apply byte pair encoding (BPE) [95–97] to split words into one or

several units and then train the different LMs over the resulting sequences of sub-word units.

We follow [95] and set the number of BPE merges to 0.4�V.

Note that we neither remove spaces nor punctuation at the character level, nor before

applying BPE, since punctuation can provide reliable information regarding stylistic features

and differences between authors [98]. Correspondingly, on the word level, each punctuation

mark is treated as a separate token, except for the dash, which ensures that dash-separated

words (e.g., ‘presidency-in-office’) are treated as a single word type. After tokenisation into

words/sub-word units, each word/BPE type is replaced by one unique Unicode symbol. The

different compression algorithms are then used to compress the resulting symbol sequence.

On the BPE level, we also compress the mapping of sub-word units to 4-byte Unicode

symbols.

Limitations & caveats. It is important to acknowledge several caveats when interpreting

cross-linguistic results based on the quantitative analysis of written language text at both the

character and word levels [27,95,99–101]. First, our analysis is based exclusively on corpora of

written language, which begs the question whether it applies to human languages in general.

In this context, it is important to note that "written language cannot be regarded as merely the

transference of spoken language to another medium", as John Lyons put it in his classical

introduction to theoretical linguistics [102]. Indeed, there is a long-standing strand of research
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that recognises written language as a distinct linguistic object worthy of independent study,

backed up by a large body of evidence against a mere derivative nature of written language,

including evolutionary and biological aspects [103–105]. Obviously, the texts in the PBC (see

Sect. 2.1.1) are one prime example of texts that are not parasitic on prior oral language produc-

tion. From this stance, our results clearly apply to written languages, seen as more or less

‘autonomous’ communication systems.

While we do not have analysed genuine oral language data due to the lack of sufficiently

large and phonemically annotated corpora, it is a valid question whether our results remain

valid if we treat the texts in our corpora as representing spoken language, which basically

means that we interpret grapheme sequences as standing in for phoneme sequences. A notable

challenge arises from the differences in the mapping between phonemes and graphemes across

languages [64,99]. For instance, languages with deep orthographies like English have inconsis-

tent phoneme-grapheme correspondences (e.g., "ough" in "thought" vs. "through" vs. "dough"

rendering /ɔː/, /uː/, and /əʊ/ phonemes, respectively), while languages with shallow orthogra-

phies like Spanish have more systematic correspondences (e.g., "a" as in "casa" always corre-

sponds to /a/) [96]. Another example is the difference in the representation of the phoneme

/tʃ/ between Czech and German: Czech uses a single character ("č"), while German uses a four-

character sequence ("tsch") to represent the same phoneme [64]. As mentioned in Sect. 2.1.1,

certain characters like short vowels are sometimes omitted or represented by diacritics,

depending on the orthographic conventions of a given language.

A significant example for a well-known mismatch between a graphemic and an ‘underlying’

phonemic representation is how lexical tone is represented in tone languages. In some lan-

guages, such as Thai and Lao, tone is indicated using a combination of tone marks (diacritics)

and consonant characters, while in Hmong, tone is marked with specific characters, like a let-

ter at the end of words. Yet in other tone languages, like Mandarin Chinese, lexical tone is typi-

cally not encoded in the written form. This variation mirrors the challenges we previously

discussed in the PBC, where tone languages like Chinantec or Mazatec use raised numbers to

represent pitch, adding complexity to tokenisation and analysis (see Sect. 2.1.1). In languages

where tone is omitted in writing, complexity estimates for the phonemic representation may

be understated, while languages that explicitly mark tone could appear more complex. These

differences in tonal representation across writing systems must be considered when interpret-

ing cross-linguistic complexity estimates, especially between tone and non-tone languages.

Independent from the distinction between spoken and written language, there are several

factors that add further complexity to cross-linguistic word-level analyses. First, differences in

writing systems are highly relevant for cross-linguistic comparisons of written text. For exam-

ple, written Mandarin Chinese uses a logographic system where characters typically represent

words or morphemes, while languages like English or Russian use alphabetic systems, where

symbols usually represent phonemes.

Secondly, while we use an orthography-based algorithmic definition of "word", which is

standard in computational linguistics, it is important to note that there is no universally

accepted definition of "word-hood" across languages [100,101], although see Haspelmath

[106]. However, Geertzen et al. [107] demonstrate that the computational approach to "word-

hood" we employ may be sufficiently well-suited within an information-theoretic and com-

pression-based quantitative framework for capturing linguistic regularities in cross-linguistic

analyses. Moreover, the substantial effort and typologically informed curation of the PBC adds

further reliability to our cross-linguistic analyses (see Sect. 2.1.1). Therefore, if the patterns

observed in the other multilingual text collections we investigate align with those from the

PBC, this consistency would bolster confidence in the robustness and validity of our quantita-

tive results.
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Thirdly, languages show considerable variation with respect to the morphological complex-

ity of words. Words in highly synthetic languages may, for example, contain long chains of

derivational affixes, such as in Turkish tan-ış-tır-ıl-a-ma-dık-lar-ın-dan-dır ‘it is because they

cannot be introduced to each other’ [108]. Verbs in particular may exhibit complex inflectional

paradigms featuring incorporated object nouns and multiple tense, mood, and agreement

markers, e.g. in Cayuga t-ę-hęn-atat-hǫna’t-a-yę́:thw-ahs ‘they will plant potatoes for each

other’ [109]. Importantly, the status of such long morpheme sequences as single words is, in

general, not controversial. In contrast, analytical languages like modern English express similar

grammatical elements with multiple words, showing little or no inflection. This means that the

number of grammatically possible words differs by several orders of magnitude between lan-

guages. This has a significant impact on word-level quantitative analyses, where any two differ-

ent words are treated as unanalysed, unrelated entities. In addition, the number of words

required to express the same propositional content varies significantly across languages.

To further address the aforementioned challenges, we compute our quantitative estimates

at multiple levels of linguistic structure: characters, words, and the supra-character, sub-word

level using BPE [95,96]. BPE is a sub-word segmentation technique that iteratively merges the

most frequent pairs of characters or character sequences, creating sub-word units that can cap-

ture many meaningful linguistic patterns. This method is crucial in modern language model-

ling, as it efficiently handles morphological variation and rare words, enhancing model

performance across diverse languages. Moreover, BPE’s ability to extract language-specific

sub-word patterns from raw text makes it particularly valuable in cross-linguistic studies, as it

reveals structural differences and encodes features that align with those described in traditional

linguistic typology, as recently discussed in-depth by Gutierrez-Vasques et al. [56]. By compar-

ing language-specific information-theoretic estimates across symbolic levels, languages, and

corpora, we can assess the consistency of results. If these estimates, derived from different sym-

bolic levels and corpora with varying qualities for cross-linguistic studies, point in the same

direction, this would strengthen the validity of our quantitative findings.

Additionally, as described in Sect. 2.6, we statistically account for potential confounding

factors by including the type of writing script as a covariate in our analyses. In the multi-model

multilevel analyses (Sect. 2.6.2), we also include random intercepts for macro-family, sub-fam-

ily and–crucially–the language itself. These controls are expected to help mitigate some of the

issues outlined above. Moreover, in Sect. 4, we discuss the results of several additional analyses

presented in the Supporting Information, which further explore how robust our results are

with respect to the potential sources of influence described above.

Nevertheless, we wish to emphasise that, given the scope of this study–encompassing sev-

eral hundred languages and a wide variety of writing systems, each with its own distinct and

often idiosyncratic conventions for representing language in written form–it is difficult, if not

impossible, to completely rule out the possibility that these cross-linguistic variations may sys-

tematically influence the validity of our quantitative results.

2.5. Entropy estimation

In order to quantify the amount of information contained in κ, we can represent κ as a distri-

bution of symbol frequencies by counting how often each symbol j appears in κ and call the

resulting frequency fj. The Gibbs-Shannon unigram entropy H of this distribution can be com-

puted as [41]:

HðkÞ ¼ �
XV

j¼1
pðsjÞ � log pðsjÞ ð1Þ
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where p sj
� �

¼
fjPV

j¼1
fj

is the maximum likelihood estimator of the probability of sj in κ consist-

ing of
PV

j¼1
fj tokens. In what follows, all logs are to the base two, so the quantities are

expressed in bits. H(κ) can be interpreted as the average number of (yes/no) guesses that are

needed to correctly predict the type of a symbol token that is randomly sampled from κ. The

entropy rate or per-symbol entropy of a stochastic process can be formally defined as [27,41]:

h kð Þ ¼ lim
N!1

1

N
HN kð Þ ¼ lim

N!1

1

N
H tN

1

� �
ð2Þ

where tN
1
¼ t1; t2; . . . ; tN represents a block of consecutive tokens of length N and HN(κ)

denotes the so-called block entropy of block size N [27,110].

Following [43], we define FN as the prediction complexity of tN given t1,t2,. . .,tN−1 as follows:

FN � HðtN jt
N� 1

1
Þ ð3Þ

FN quantifies the average uncertainty of the Nth symbol, given all preceding tokens tN� 1
1

.

Assuming a stationary ergodic stochastic process [27,41,44], FN reaches the entropy rate h as N
tends to infinity [41,43]:

hðkÞ ¼ lim
N!1

FN ð4Þ

In analogy to H(κ), the entropy rate h(κ) can be informally understood as the average num-

ber of guesses that are needed to guess the next symbol of a sequence and thus incorporating

the notion that prediction and understanding are intimately related [14,72,110,111]. Informa-

tion can then be defined as any kind of knowledge that, when in your possession, allows you to

make predictions with greater accuracy than mere chance [112,113]. Thus, h encompasses

complexity from various linguistic sub-domains, since any form of linguistic (e.g. grammatical,

phonological, lexical, pragmatic) or non-linguistic (e.g. world) knowledge will help a reader or

listener to predict upcoming linguistic material more accurately and will therefore reduce h
[10]. This implies that when using LMs trained on written text to draw conclusions about lan-

guages, there is yet another important caveat that must be emphasised: not all information is

encoded in written language. Key aspects such as extra-linguistic information, including pros-

ody–i.e., the supra-segmental features of speech such as pitch, loudness, and tempo–are not

fully captured. While Wolf et al. [114] show that much of the prosodic information can be

inferred from the words and surrounding context, they also demonstrate that prosodic features

cannot be entirely predicted from text alone. This suggests that prosody carries information

that extends beyond the written word, contributing additional layers of knowledge.

Since the probability distribution for any natural language is unknown [14,110], we use the

data compression algorithms described above to estimate h(κ). Per LM, the entropy rate esti-

mate is computed (roughly speaking) as the number of bits per symbol in the compressed text:

ĥLM kð Þ ¼
KLMðkÞ

LðkÞ
ð5Þ

where KLM(κ) = RLM(κ)−RLM(κtrain). Here, RLM(κ) denotes the number of bits that are needed

by the LM to compress κ, κtrain represents the first half of κ, L(κ) represents the length of the

second half of κ in words on the level of words or, both on the character and the BPE level, in

Unicode characters. Note that on the BPE level we also compress the mapping of unique sym-

bols to 4-byte Unicode symbols mentioned above and add the resulting compressed lengths to

RLM(κ) and RLM(κtrain). Further note that ĥLM is directly related to the quantity perplexity that
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is often used in NLP to measure the quality of a language model, where perplexity is defined as

2ĥLM [42]. We use this relationship to also choose the LM that achieves the lowest perplexity on

the test data:

ĥbestðkÞ ¼ min
LM2L

ĥLMðkÞ ð6Þ

where L denotes the set of different LMs, i.e., L = {PPM2, PPM6, PAQ, LSTM, TRFsmall,

TRFmed, TRFbig}. In a similar vein, we choose K̂ bestðkÞ.

2.6. Statistical analysis

2.6.1. Comparing entropy/length distributions across LMs and corpora. We now take

κ to be a corpus that consists of individual texts κi, where i denotes 1,. . ., I different languages.

(For brevity, we omit the superscript and the hat in what follows.) However, we compute the

correlation coefficients described below for both the best LM (ĥbest and K̂ best) and for each indi-

vidual LM (ĥLM and K̂ LM).

The entropy estimate for κi is denoted as hϚ(κi), where Ϛ denotes one of three information

encoding units (words, characters, BPE), likewise for KϚ(κi) and LϚ(κi). hϚ(κi) and KϚ(κ) are

computed on all three levels, while LϚ(κ) is computed on either the word or the character

level. Note that for languages with more than one available translation/document in a corpus,

all quantities are averaged.

To evaluate the (dis-)similarity of entropy/length distributions across corpora and test for a

potential trade-off between entropy and length, we first compute the pairwise Pearson correla-

tion r½v0ϚðkÞ; v
00
ϚðiÞ� for all corpus pairs (κ,ι) where v0Ϛ denotes either h, L or K on the encoding

levelϚ. Likewise for v00Ϛ. In addition, we also consider H computed on the basis of the Crúba-

dán word frequency information (Eq 1), denoted as HCr in what follows. Both v0ϚðkÞ and v00ϚðiÞ
are logged. Pearson correlations range from -1 to 1, with higher absolute values indicating

stronger associations. Positive values reflect positive associations, while negative values reflect

negative associations between distributions. This allows us to assess both similarities and dis-

similarities between entropy and length distributions across corpora.

To control for potential sources of influence, we fit linear models of the form:

y ¼ Xβþ � ð7Þ

where y is the n × 1 vector of observed values, either v0ϚðkÞ or v00ϚðiÞ, n denotes the number of

languages that are available in both κ and ι, X is the n × p design matrix of p covariates includ-

ing a n × 1 vector of ones for the intercept, β is the corresponding p × 1 vector of coefficients

and � is the n × 1 vector of residuals. We assume that �i are identically distributed with E(�i) =

0 with variance σ2. Importantly, we want to rule out potential autocorrelation among the resid-

uals, i.e., we wish to test the following null hypothesis in what follows:

H0 : E½��T� ¼ s2I: ð8Þ

where I is the n × n identity matrix and T denotes the matrix transpose.

As potential control variables, we consider the EGIDS level, the (logged) speaker population

size, the (logged) number of corpora and the (logged) number of countries in which the lan-

guage is spoken. We also include a set of indicator variables for the levels (categories) of writ-

ing script. To avoid overfitting, scripts that were unique to a single language were grouped into

a common category. For HCr, we additionally control for the number of words and the number

of documents (both logged) on which the word frequency list is based, and a binary variable
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indicating whether the word frequency list is truncated to account for differences in the way

different Crúbadán word lists were generated. Further information can be found in [37]. To

select the relevant control variables from the candidate set, we use the lasso machine learning

technique [115]. To choose the optimal value for the penalty parameter for each lasso, we use a

heteroskedastic plugin estimator [116]. Languages with missing information on any of the

control variables are excluded in each case. Let ~X denote a n × ~p matrix of ~p covariates selected

by the lasso. We then regress y on ~X and compute residuals denoted as ~�. To test H0 from

above (Eq 8), we compute the modified version of Moran’s I [117] suggested by Kelejian and

Prucha [118], written as:

I ¼ nð~�TW~�Þ½ð~�T~�Þ

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

trfðWT þWÞWg
q

�
� 1

ð9Þ

where W denotes an n × n weighting matrix and tr represents the trace operator. For W, we

consider two inverse distance matrices: (i) to test for spatial autocorrelation, we construct an

inverse distance matrix WG based on longitude and latitude information, (ii) to test for phylo-

genetic autocorrelation, we construct an inverse distance matrix WP based on a phylogenetic

similarity matrix provided by [65]. In both cases, matrix elements are equal to the reciprocal of

distance that are then normalised using spectral normalisation. We test for autocorrelation

with (i) WG as input, (ii) WP as input and (iii), as explained below, both WG and WP as input.

For brevity, we drop the subscript in what follows and describe our algorithmic approach for

input matrix W. Since I 2 ~ Χ2(1) [118], we test H0 via a standard Χ2-test with one degree of

freedom. If p< 0.05, we extend our linear regression model (Eq 7) by a semiparametric filter

[119–121] as:

y ¼ Fγþ Xβþ � ð10Þ

where, in addition to the above, F is a n × q matrix of q eigenvectors and γ is a n × 1 vector

of parameters. F is computed based on a transformed version of W defined as [119]:

M � I �
11Τ

n

� �

W I �
11Τ

n

� �

ð11Þ

where 1 represents a n × 1 column vector of ones. The eigensystem decomposition of M gener-

ates n eigenvalues and n corresponding eigenvectors. The eigenvalues are then sorted in

descending order, denoted as λ = (λ1,λ2,λ3,. . .λn), so that the largest eigenvalue receives the

subscript 1, the second largest eigenvalue receives the subscript 2 and so on. The correspond-

ing set of eigenvectors can then be denoted as E = (E1,E2,E3,. . .En). We include E1 into F and

let the lasso select a subset of control variables from X. We then compute ~� based on a regres-

sion of y on ~X and F. After that, we perform the Χ2-test again. If the test is still significant, we

also include E2 into F and re-perform estimation. This iterative procedure is repeated until p
� .05. [Note that in scenario (iii), where we simultaneously control for WG and WP, we com-

pute two sets of eigenvectors, denoted as EG = (EG,1,EG,2,EG,3,. . .EG,n), and EP = (EP,1,EP,2,

EP,3,. . .EP,n), and alternate the inclusion of eigenvectors into F, i.e., we first include EG,1, then

EP,1, and so on. Correspondingly, I 2 ~ Χ2(2)]. Let ~�v0E
ðkÞ denote the resulting residuals for

v0ϚðkÞ, likewise for v00ϚðiÞ. This procedure ensures that there is no spatial/phylogenetic correla-

tion among the resulting residuals, i.e., ~�v0Ϛ
ðkÞ and ~�v00Ϛ

ðiÞ. We then compute the Pearson corre-

lation between those residuals and proceed as described above. The correlation coefficients per

condition (none, geographical, phylogenetic and both) are denoted as ρnone, ρgeo, ρphylo and

ρboth.
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2.6.2. Multi-model multilevel inference. To evaluate if the trade-off is moderated by the

social environment in which languages are being used, we run separate multilevel effects mod-

els (MLEMs) with (i) h or K as the outcome on all three levels (words/characters/BPE) for all

eight LMs (best, PPM2, PPM6, PAQ, LSTM, TRFsmall, TRFmed, TRFbig) and (ii) L as the

outcome for words/characters. For N = 3,705 individual documents, we fit MLEMs of the

form [122]:

y ¼ Xβþ Zuþ � ð12Þ

where, in addition to the above, Z is a matrix of random predictors and u is a vector of random

effects that are assumed to follow a normal distribution, with mean 0 and variance-covariance

matrix G. The residual errors � are assumed to follow a normal distribution, with mean 0 and

variance matrix σ2I; u? �. To enhance convergence, the outcome is standardised per corpus,

i.e., the corpus-specific mean was subtracted from each observed value and the result was

divided by the corpus-specific standard deviation, but we also provide results for log-trans-

formed outcomes (see https://osf.io/93csg/) that can be visualised in our interactive online

application (https://www.owid.de/plus/tradeoffvis/). We consider a fixed effect for the esti-

mated speaker population size (logged) as a proxy for population structure [123]. The follow-

ing control variables are included: (i) fixed effects: corpus type (parallel/comparable), binary

indicators for the first four EGIDS levels and the (logged) number of countries; (ii) random

intercepts for the following groups: writing script, corpus, macro-area, macro-family, sub-fam-

ily and language. We cross corpus, macro-area, macro-family and writing script and explicitly

nest language within sub-family within macro-family; (iii) random slopes for population size,

i.e., we allow the effect of population size to vary across the different groups.

We adopt a multi-model inference approach [124] by sub-setting each full model, i.e., we

generate a set of models with all possible control variable subsets, which are then fitted to the

data. We fit sub-models per outcome, type and LM. All models were fitted with gradient-based

maximization (maximal number of 20 iterations) and via maximum likelihood (ML). Per out-

come and per type, we then compute a frequentist model averaging (FMA) estimator over all

R candidate models [125,124,126]:

~bx ¼
XR

j¼1
ojbx;j ð13Þ

where βx,j denotes the estimated fixed effect of variable x for model j and ωj is a weight com-

puted as:

oj ¼
e �

1
2
Djð Þ

O
ð14Þ

where O ¼
PR

r¼1
e �

1
2
Drð Þ represents the sum of weights for all R models. To compute Δj, we use

Akaike’s information criterion (AIC) [127], where lower values indicate a better model, Δj =

AICj−AICmin where AICj denotes the AIC value computed for model j and AICmin represents the

minimum AIC value over all R models. Note that in models where x does not appear, βx,j�0. On

this basis, we compute an FMA estimator of the standard error (SE) as [124]:

SEð~bxÞ ¼
XR

j¼1
oj

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

SEðbx;jÞ
2
þ ðbx;j �

~bxÞ
2

q

ð15Þ

where SE(βx,j) denotes the estimated standard error of βx,j for model j. In models where x does

not appear, we set SE(βx,j)�0. To assess statistical significance, we compute a corresponding two-

tailed p-value as p ¼ 2 � 1 � F j
~bx

SEð~bxÞ
j

� �� �
whereF() denotes the cumulative standard normal
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distribution. In a similar vein, we compute a 95% confidence interval (95%-CI) as ~bx �

F� 1ð0:975Þ � SEð~bxÞ whereF−1() denotes the inverse cumulative standard normal distribution.

Note that the Akaike weights ωj can be "interpreted as approximate probabilities of each

model being the actual best model, given the data" [124]. Thus, we can use the ωj to estimate

the relative importance of variable x, computed as [124]:

sx ¼
XR

j¼1
ojcx;j ð16Þ

where cx,j is a binary indicator that is equal to 1 if x is explicitly in model j and 0 otherwise

[124]. The larger σx, the more important x. To put the value of σx into perspective, we show in

S2 Text that its theoretical minimum is ~0.27.

3. Results

3.1. Comparing entropy/length distributions across LMs and corpora

3.1.1. Comparing language models. Fig 2A–2C summarises the distribution of h as a

function of length L for each level and each investigated LM across the 40 full-text multilingual

text collections/corpora, totalling Nκ = 4,297 different documents (see Sect. 2.1 for details).

The plots indicate that for most documents PAQ (mint line) turns out to be the best LM, i.e.,

Fig 2. Comparing language models. (A–C) LM-specific entropy rates as a function of text length for different symbolic levels (words, characters, BPE). Each

solid line represents a locally weighted scatterplot smoother (bandwidth = 0.3) for the entropy estimates of Nκ = 4,297 different documents that belong to the

compiled multilingual database (see Sect. 2.1 for details, rug plots at the bottom of each graph illustrate the length distribution). Note that on the BPE level, ĥLM

is plotted against L in characters. (D–F) Median unadjusted Pearson correlation, r~none, across LMs. These values are calculated by first cross-correlating average

entropy rates per language among LMs for each of the 40 full text corpora, followed by computing the median value for each LM pair. Interactive visualisations

are available at https://www.owid.de/plus/tradeoffvis/.

https://doi.org/10.1371/journal.pcsy.0000032.g002
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ĥbestðkÞ ¼ ĥPAQðkÞ (see Sect. 2.5 for details) for most of the documents. For longer documents,

the larger LMs (LSTM and the three Transformer LMs) achieve similar or lower entropy rates.

Correspondingly, Table 3 shows that PAQ has the lowest h in more than 90% of the documents

across all three symbolic levels.

To determine if entropy rate distributions are systematically affected by the choice of LM,

we used the entropy estimates for the 40 full text corpora at each symbolic level to compute

pairwise correlations ρnone for each pair of LMs.

Fig 2D–2F presents the resulting pairwise relationships as correlation matrices. Each cell

represents the median value of ρnone for a pair of LMs. At each symbolic level, the statistical

association between different LMs is remarkably strong. Even the lowest median value,

observed at the character level between TRFbig and PPM6, is high, with a value of ~rnone = 0.84.

To rule out the possibility that these associations mainly result from either language- and doc-

ument-specific characteristics or the genealogical and geographic relatedness of languages (see

Sect. 2.6.1 for details), Fig 3 visualises all four types of estimated correlation coefficients, i.e.,

ρnone, and corresponding adjusted partial correlations, i.e., ρgeo, ρphylo and ρboth for all LM

pairs across corpora and symbolic levels. The results indicate that the adjusted partial correla-

tions point in the same direction as the unadjusted correlations.

The results presented in this section demonstrate that although there are differences in the

performance of various LMs depending on document length (Fig 2A–2C), the resulting

entropy rate distributions are remarkably consistent across LMs (Fig 3). This suggests that,

from a cross-linguistic perspective, the choice of LM for investigating different languages may

have a minimal impact.

3.1.2. Comparing languages. We proceed by comparing entropy rate distributions across

corpora to determine whether a language that tends to be more complex in one corpus also

tends to be more complex in another corpus. Given that the results from the previous section

clearly indicate stability across different LMs, we will focus, for each corpus κ, on the estimates

of its best model, i.e., ĥbestðkÞ (see Sect. 2.5 for details). Interactive visualisations for each LM,

i.e., ĥLMðkÞ. are available at https://www.owid.de/plus/tradeoffvis/.

As outlined above, we evaluate the similarity of ĥbest-distributions by computing ρnone, ρgeo,

ρphylo and ρboth across corpora and across symbolic levels. Per correlation type, we compute Nρ =

7,254 individual correlations. Fig 4A demonstrates that entropy rate distributions are very similar

across corpora and symbolic levels as indicated by a strong positive correlation between corpus

pairs. The results remain stable when we control for language- and document-specific characteris-

tics, as well as the genealogical and geographic relatedness of languages (see Sect. 2.6.1 for details).

Table 3. Best LM per level. 1st column: LM. 2nd column: word level. 3rd column: character level. 4th column: BPE

level. For each of Nκ = 4,297 different documents, each column lists, for a given symbolic level, the number of docu-

ments such that the LM in the given row is the best, i.e., ĥbest ¼ ĥLM . On all three levels, PAQ is the best LM in more

than 90%.

LM Words Characters BPE

PPM2 0 (0.00%) 0 (0.00%) 0 (0.00%)

PPM6 18 (0.42%) 261 (6.07%) 85 (1.98%)

PAQ 4,241 (98.70%) 3,960 (92.16%) 4,182 (97.32%)

LSTM 1 (0.02%) 3 (0.07%) 0 (0.00%)

TRFsmall 0 (0.00%) 0 (0.00%) 0 (0.00%)

TRFmed 3 (0.07%) 0 (0.00%) 1 (0.02%)

TRFbig 34 (0.79%) 73 (1.70%) 29 (0.67%)

https://doi.org/10.1371/journal.pcsy.0000032.t003
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Interactive LM-specific visualisations, available at https://www.owid.de/plus/tradeoffvis/ show

that highly comparable patterns are obtained when estimating entropy rates for individual LMs.

Entropy rates are estimated as the ratio of the number of bits needed to compress the test

data, K, to the length of the test data, i.e., L (cf. Eq 5). To further understand the above results,

we repeated the analyses for both variables that are part of this ratio. Fig 4B reveals that while

the results are more pronounced for h, the distributions for L are also very comparable across

corpora and symbolic levels (Nρ = 3,160). However, Fig 4C shows that the results are much

weaker for distributions of K̂ best (Nρ = 7,140). Since K is the product of h and L, this suggests a

potential trade-off between h and L.

To investigate this possibility, we compute ρnone, ρgeo, ρphylo and ρboth between ĥbest and L
across corpora on all three symbolic levels. Table 4 demonstrates that on all three symbolic lev-

els and for all four correlation types, there is a pronounced negative statistical association

between entropy rate and length distribution. Again, our interactive visualisation tool shows

highly comparable patterns for individual LMs. These results indicate the existence of a trade-

off between both variables.

To establish if the trade-off between entropy and length holds across symbolic levels, we

compute ρnone, ρgeo, ρphylo and ρboth between ĥbest and L for all corpus pairs across all three

symbolic levels. For each correlation type, Nρ = 20,100 individual correlations were calculated

to generate a correlation matrix, which was then subjected to principal component analysis.

Fig 5 presents scatterplots of the first two factors that explain most of the variance in the

matrix. For both unadjusted and adjusted partial correlations, more than a third of the

Fig 3. Distribution of pairwise correlations across LMs for each symbolic level. For each of the 40 full text corpora and per symbolic level, we compute

the median value of the pairwise correlation between the estimated entropy rate distributions for each LM pair. We compute both unadjusted correlations,

i.e., ρnone, and adjusted partial correlations, i.e., ρgeo, ρphylo and ρboth (see Sect. 2.6.1 for details) across LM pairs. Per type of correlation coefficient and

symbolic level, we compute Nρ = 840 individual correlation coefficients where each data point represents one LM pair.

https://doi.org/10.1371/journal.pcsy.0000032.g003
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Fig 4. Distribution of pairwise correlations across corpora and symbolic levels. For each corpus pair, we compute both unadjusted

correlations, i.e., ρnone, and adjusted partial correlations, i.e., ρgeo, ρphylo and ρboth (see Sect. 2.6.1 for details). Correlations are computed

both per symbolic level, where estimates are derived on the same symbolic level, and across symbolic levels, where, e.g., the entropy rate

distribution calculated for words as information encoding units in one corpus is correlated with, e.g., the distribution calculated at either

the character or the BPE level in another corpus. (A) Similarity of ĥbest-distributions across corpora, including correlations between ĥbest

for the 40 full text corpora and HCr based on the Crúbadán word lists (Nρ = 7,254). (B) Similarity of L-distributions across corpora (Nρ =

3,160). (C) Similarity of K̂ best-distributions across corpora (Nρ = 7,140). Interactive LM-specific visualisations are available at https://www.

owid.de/plus/tradeoffvis/.

https://doi.org/10.1371/journal.pcsy.0000032.g004
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variance is attributed to the trade-off between entropy and length in each case. Interactive LM-

specific visualisations that are available at https://www.owid.de/plus/tradeoffvis/ illustrate that

highly comparable patterns are observed when estimating entropy rates for different LMs.

Given that, from an information theoretic point of view, message length quantifies effi-

ciency–the shorter the message the higher the efficiency [15]–we arrive at our main empirical

result: human languages trade off complexity against efficiency. More explicitly, a higher aver-

age amount of choice/uncertainty per produced/received symbol is compensated by a shorter

average message length.

3.1.3. Summary. In the last two sub-sections, we demonstrated that (i) entropy rate distri-

butions are highly consistent across different LMs, suggesting that the choice of LM might

have minimal impact on cross-linguistic investigations of the kind we presented here. We also

showed that (ii) there is a pronounced trade-off between entropy rate and document length

across different corpora, which implies that languages balance efficiency and complexity. This

finding highlights a potentially fundamental principle in linguistic structure, where higher

uncertainty per symbol is offset by shorter message lengths.

To bring these results together, we now compute fully adjusted partial correlations, ρboth for all

possible pairwise combinations of the 41 corpora, the three variables (ĥLM , HCr, L), the three sym-

bolic levels (words, characters, BPE), and the seven investigated LMs (PPM2, PPM6, PAQ, LSTM,

TRFsmall, TRFmed, TRFbig). In total, Nρ = 423,660 individual correlation coefficients were com-

puted. Fig 6 shows that the findings point in the same direction as previously observed, confirm-

ing the consistency of entropy rate distributions and their trade-off with document length.

To emphasise this point, we extracted the first 80 factors from the factor analysis, which

together account for ~90% of the variance in the correlation matrix. For each factor, we con-

ducted separate linear regressions with the factor as the outcome and a binary indicator for the

type of variable (1 = L vs. 0 = ĥLM or HCr) as the predictor. For each factor, we then extracted

the amount of explained variance (R2) as a measure of model fit. Among all factors, R2 is high-

est for the first factor, with R2 = 76.14%. We then repeated the analyses using indicator vari-

ables for the investigated LMs as predictors. Again, R2 is highest for the first factor, but with a

much smaller value of R2 = 6.44%). Fig 6 demonstrates that the first factor distinguishes

between length and entropic variables but not between LMs. We further visually inspected all

remaining factors, none of which separated the LMs, reinforcing the robustness of our findings

across different models.

These results underscore that the negative statistical association between entropy and

length in human languages is consistent across various LMs and corpora, suggesting that the

trade-off between complexity and efficiency may reflect a fundamental property of human

language.

Table 4. Association between ĥbest and L across corpora. 1st row: number of individual correlation coefficients, Nρ.

2nd–4th column, type of correlation coefficient ρnone, ρphylo, ρgeo and ρboth. 2nd–3rd column: associations on each level

(words, characters, BPE), listed quantities for ρ are median values per parameter combination. Median values for ĥbest

(words) include HCr based on the Crúbadán word lists. Note that for ĥbest on the BPE level, distributions are correlated

with L in characters.

ĥbest(words) ĥbest(chars) ĥbest(BPE)

Nρ 1,638 1,600 1,600

r~none -0.69 -0.69 -0.69

r~ phylo -0.69 -0.62 -0.62

r~ geo -0.69 -0.62 -0.62

r~ both -0.69 -0.60 -0.61

https://doi.org/10.1371/journal.pcsy.0000032.t004
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Fig 5. Comparing entropy and length across corpora. For each corpus pair and across symbolic levels, we compute both unadjusted correlations (ρnone, A),

and adjusted partial correlations (ρphylo, B; ρgeo, C; ρboth, D), see Sect. 2.6.1 for details. For each correlation type, Nρ = 20,100 individual correlations are

computed to generate a corresponding correlation matrix. Principal-component factoring reveals that for both unadjusted and adjusted correlations, more

than ~50% of the variance in the matrix can be attributed to two factors: one main factor representing the strong negative correlation between length and

entropy measures (accounting for 34.44% to 40.96% of the variance), and one factor distinguishing symbol types (accounting for 16.47% to 18.88% of the

variance). Each marker label represents a numeric ID for one of the 41 investigated corpora (see S3 Text). Interactive LM-specific visualisations are available at

https://www.owid.de/plus/tradeoffvis/.

https://doi.org/10.1371/journal.pcsy.0000032.g005
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3.2. Multi-model multilevel inference

3.2.1. Random effects models. To evaluate if the trade-off between complexity and effi-

ciency is influenced by the social environment in which languages are used, we adopt the

multi-model inference approach outlined in Sect. 2.6.2.

Fig 6. Evidence for a trade-off between complexity and efficiency across corpora and language models. We compute adjusted partial

correlations, ρboth (see Sect. 2.6.1 for details), for each combination of the 41 corpora, the three variables (ĥLM , HCr, L), the three symbolic levels

(words, characters, BPE), and the seven investigated LMs (PPM2, PPM6, PAQ, LSTM, TRFsmall, TRFmed, TRFbig), totalling Nρ = 423,660

individual correlations. The resulting correlation matrix is then analysed with principal-component factoring. The scatterplot demonstrates that (i)

different LMs are very similar and (ii) the most important factor, accounting for roughly a third of the variance in the matrix, represents a trade-off

between complexity and efficiency: languages that tend to have a higher entropic value tend to need fewer symbols to encode messages. Each

marker label represents a numeric ID for one of the 41 investigated corpora (see S3 Text).

https://doi.org/10.1371/journal.pcsy.0000032.g006
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By including several fixed and random effects, we control for both (i) language- and docu-

ment-specific characteristics and (ii) spatial and phylogenetic autocorrelation. For each out-

come and symbolic level, we fit R = 8,192 candidate models. Fig 7A visualises the estimated

relative importance, σx, for each variable. With the exception of macro-family for K̂ best, all con-

sidered random effects have high relative importance for all three outcomes and across all

three levels. Conversely, there is only weak evidence for the importance of most fixed effects,

with the clear exception of speaker population size, which is maximally important–relative to

the other variables–for both ĥbest and L, but not for K̂ best .

To investigate if there is also evidence for a trade-off between entropy and length similar to

the results presented in the previous section, Fig 7B plots the FMA-estimated effect, ~bx, of

speaker population size on each outcome per symbolic level. There is a positive and significant

effect of population size on ĥbest across all three symbolic levels and a negative significant effect

on L for both characters and BPE. For K̂ best , there is no significant evidence of an effect of pop-

ulation size on any of the three symbolic levels. Table 5 lists the corresponding estimates for all

investigated fixed effects, showing that the only consistent evidence of a noteworthy effect is

for speaker population size on either entropy or length.

These results substantiate the evidence of a trade-off between entropy and length and indi-

cate that languages with more speakers tend to have higher entropic values, i.e., are more com-

plex, but also tend to produce shorter messages, i.e., are more efficient.

3.2.2. Random effects and slope models. As argued in the introduction (Sect. 1), an

approach that focuses exclusively on random effects ignores variation within language families

and geographical units [49–51,53,128]. We thus proceed by including random slopes, i.e., we

allow the effect of population size to vary across different groups, representing deviations from

the overall mean linear effect of speaker population size. The methodological question in this

context is, which random effects should include random slopes?

We do not include a random slope for language since population size does not vary within

languages. Due to geographic proximity and phylogenetic non-independence, it makes sense

to include random slopes for macro-area, macro-family, and sub-family as geographic and

phylogenetic structures can be critical for understanding language diversity and evolution,

which justifies including these random slopes to account for shared inheritance and environ-

mental factors [49].

There are, however, no a priori reasons for whether or not random slopes for writing script

and corpus also make sense since both are not necessarily tied to population size or linguistic

features in a way that would suggest significant variability in the effect of population size across

different scripts. Including random slopes for both without clear justification could lead to

overfitting, adding unnecessary complexity to the model and especially reducing the power to

detect true effects: as noted by [129], a too-complex MLEM, by including excessive random

slopes, may inflate Type I error rates and reduce the ability to identify significant predictors

due to overfitting. This underscores the importance of balancing model complexity with the

need to capture meaningful variability.

We thus opted for a two-stage estimation process. We first include random slopes for

macro-area, macro-family, and sub-family only in our multi-model multilevel approach

(R = 17,920). As a second step, we then additionally include random slopes for writing script

and corpus (R = 35,200). Fig 8 visualises the results.

With respect to the relative importance of the fixed and the random effects, both Fig 8A

and 8B largely point in the same direction as the random-effects-only approach (see Fig 7A). A

noteworthy exception in both cases is that speaker population size is not only maximally

important in predicting both ĥbest and L, but also very to maximally important in predicting
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Fig 7. Estimated variable importance and FMA-estimates by outcome and symbolic level (‘word’–words, ‘char’–

characters, ‘BPE’–byte pair encoding). For each parameter combination (outcome/level), R = 8,192 candidate

MLEMs that include fixed and random effects were run. (A) Estimated variable importance (ŝx) per variable. Higher

values indicate greater importance (cf. Sect. 2.6.2 for details), ŝx-values range from 0 (white) to 1 (blue). (B) FMA-

estimated effect of speaker population size on each outcome per symbolic level. Vertical lines represent the FMA-

estimate, b
~

x , of population size, here denoted as βlog_pop, on ĥbest , L or K̂ best . Horizontal lines show corresponding 95%-

CIs (cf. Sect. 2.6.2 for details). Lines are coloured in black if the 95%-CI crosses zero (vertical dashed grey line),

whereas blue and pink indicate significant negative and positive effects. Interactive LM-specific visualisations are

available at https://www.owid.de/plus/tradeoffvis/.

https://doi.org/10.1371/journal.pcsy.0000032.g007
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K̂ best . Regarding the relative importance of the variables for which we include random slopes in

both scenarios, there is significant agreement for the two slopes included for phylogenetic

non-independence (macro- and sub-family): neither seems to play an important role in pre-

dicting either L or K̂ best.

For ĥbest, random interactions between population size and either macro-family or sub-fam-

ily is very important. Interestingly, the variable included to account for geographic proximity

as a random slope (macro-area) only plays an important role in predicting either L or K̂ best in

the first scenario. It seems that, to a large extent, this influence might be absorbed by the inclu-

sion of random slopes for writing script and corpus in the second scenario, especially for L on

the character level and for K̂ best on both the word and the character level. The inclusion of writ-

ing script as a random slope does not seem to be very important. However, including corpus

seems to make a difference for all seven parameter combinations, except for ĥbest on the word

level.

Regarding the FMA-estimated effect (~bx) of speaker population size, Fig 8C shows that in

the first scenario, the results for each outcome and symbolic level are qualitatively identical to

the random-effects-only approach (see Fig 7B): (i) a significant positive effect of population

size on ĥbest , (ii) a significant negative effect on L, and (iii) no significant evidence for any effect

on K̂ best . This again suggests a trade-off between entropy and length.

In the second scenario, while there remains stable evidence for an entropy-length trade-off

for words as symbols, at the character level, neither the positive effect on ĥbest nor the negative

effect on L reaches significance at the 5% level (p = 0.064 for ĥbest and p = 0.086 for L). Unex-

pectedly, for K̂ best, there is a significant positive effect of population size across all three levels.

Future work could determine whether this indicates a true effect or if this result arises from an

overly complex model structure that is unable to detect true effects accurately. To foster such

endeavours, we provide a dataset on our OSF repository (https://osf.io/93csg/) that contains all

information needed to replicate our findings and conduct follow-up investigations. This data-

set includes estimates for both (i) ĥbest and Kbest and (ii) LM-specific estimates, ĥLM and K̂ LM for

the seven investigated LMs across all three symbolic levels and two different outcome

Table 5. FMA-estimated fixed effects on each outcome per symbolic level. Each cell lists b
~

x , here denoted as β and the corresponding p-value (cf. Sect. 2.6.2 for details).

1st column: fixed effect. 2nd– 4th column: results for ĥbest . 5th + 6th column: results for L. 7th– 9th column: results for K̂ best . Cell content is highlighted in bold if p< .05.

^hb̂est L K̂ b̂est

word char BPE word char word char BPE

Population size β = 0.101

p < .001

β = 0.062

p < .001

β = 0.074

p < .001

β = -0.106

p < .001

β = -0.061

p < .001

β = -0.006

p = 0.524

β = -0.003

p = 0.638

β = 0.016

p = 0.305

EGIDS = 0 β = -0.239

p = 0.394

β = -0.085

p = 0.436

β = -0.251

p = 0.086

β = 0.630

p < .05

β = 0.356

p = 0.130

β = 0.225

p = 0.343

β = 0.267

p = 0.295

β = 0.147

p = 0.499

EGIDS = 1 β = -0.015

p = 0.706

β = 0.008

p = 0.709

β = 0.009

p = 0.702

β = 0.169

p = 0.134

β = 0.167

p = 0.051

β = 0.048

p = 0.508

β = 0.034

p = 0.575

β = 0.038

p = 0.567

EGIDS = 2 β = -0.029

p = 0.618

β = -0.010

p = 0.680

β = -0.021

p = 0.571

β = 0.025

p = 0.656

β = 0.004

p = 0.897

β = -0.053

p = 0.508

β = -0.050

p = 0.521

β = -0.067

p = 0.476

EGIDS = 3 β = -0.023

p = 0.632

β = -0.001

p = 0.954

β = -0.007

p = 0.740

β = 0.012

p = 0.746

β = -0.001

p = 0.948

β = -0.028

p = 0.605

β = -0.070

p = 0.439

β = -0.091

p = 0.380

N countries β = -0.024

p = 0.539

β = -0.037

p = 0.249

β = -0.038

p = 0.280

β = -0.006

p = 0.784

β = 0.002

p = 0.912

β = -0.065

p = 0.272

β = -0.063

p = 0.287

β = -0.091

p = 0.156

parallel β = 0.017

p = 0.657

β = -0.008

p = 0.843

β = -0.001

p = 0.987

β = -0.090

p = 0.253

β = -0.026

p = 0.618

β = -0.022

p = 0.544

β = -0.009

p = 0.714

β = -0.001

p = 0.932

https://doi.org/10.1371/journal.pcsy.0000032.t005
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transformations (standardised vs. logged, see Sect. 2.6.2 for details), totalling information for

R = 3,520,000 individual models.

Further note that as mentioned above (see Sect. 2.6.2), we chose AICj as the criterion to

weigh models. AIC is computed by balancing goodness-of-fit with model complexity, i.e.,

� 2L̂ j þ 2ðkfj þ krj Þ, where L̂ j denotes the maximized log-likelihood of model j and kfj and krj
are the numbers of estimated fixed effects and random effects (including random slopes)

parameters, respectively. However, AIC is not the only potential choice as a criterion. For

example, we can choose a variant of the Bayesian Information Criterion (BIC) [130–132] that

imposes a more substantial penalty on the inclusion of additional parameters than AIC, com-

puted as � 2L̂j þ 2ðlogðN � kfj Þkrj Þ. If we use this criterion to compute results for the second

scenario, all obtained FMA-estimated effects of speaker population size, i.e., positive effects for

Fig 8. Estimated variable importance and FMA-estimates by outcome and symbolic level. (A and C) For each parameter combination, R = 17,920 candidate

MLEMs that include fixed effects, random effects and random slopes for macro-area, macro-family and sub-family were run. (B and D) For each parameter

combination, R = 35,200 candidate MLEMs that include fixed effects, random effects and random slopes for writing script, corpus, macro-area, macro-family

and sub-family were run. (A and B) Estimated variable importance (ŝx) per variable. Higher values indicate greater importance (cf. Sect. 2.6.2 for details),

ŝx-values range from 0 (white) to 1 (blue). (C and D) FMA-estimated effect of speaker population size on each outcome per symbolic level. Vertical lines

represent the FMA-estimate, b
~

x , of population size, here denoted as βlog_pop, on ĥbest , L or K̂ best . Horizontal lines show corresponding 95%-CIs (cf. Sect. 2.6.2 for

details). Lines are coloured in black if the 95%-CI crosses zero (vertical dashed grey line), whereas blue and pink indicate significant negative and positive

effects. Analogous LM-specific interactive visualisations and numeric results are available at https://www.owid.de/plus/tradeoffvis/.

https://doi.org/10.1371/journal.pcsy.0000032.g008
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h and negative effects for L, reach significance at p< 0.05 on all three symbolic levels. We

invite interested readers to further explore this using our interactive visualization tool available

at https://www.owid.de/plus/tradeoffvis/, where we offer results for a total of four different

information criteria.

4. Discussion

As written above, Baroni argues that LMs should be seen as distinct algorithmic linguistic the-

ories rather than "blank slates," as they inherently encode structural biases that shape their lin-

guistic capabilities. Each LM thus represents a "general theory defining a space of possible

grammars." [48]. Put differently, an LM can be seen as a model of an idealised language learner

[10,133,134]. Hence, we can think of an LM that is trained on language-specific data "as a

grammar, that is, a computation system that, given an input, can predict whether the sequence

is acceptable to an idealized speaker of the language" [48]. In this paper, we investigated very

different types of LMs, belonging to different classes: statistical, machine learning, and deep

learning models. Each class exemplifies unique learning capabilities and limitations:

PPM can be seen as an idealised learner focused on identifying and refining local word

sequence patterns. By memorising partial matches with the last few symbols (e.g., 2 for PPM2,

6 for PPM6), PPM constructs a probabilistic grammar of language that adjusts predictions

based on immediate context. This model is particularly effective at learning the structure of

short-term dependencies and frequent n-grams within sentences based on very little input,

making it adept at capturing local grammatical rules but limited in handling long-term

dependencies.

PAQ functions as an idealised learner that integrates insights from multiple models to form

a coherent representation of grammar. Each model within PAQ contributes specialised

‘knowledge’, and a gated linear network moderates these contributions to balance and refine

various perspectives. This process allows PAQ to learn from multiple strings simultaneously,

adapting to a wide range of linguistic patterns and refining predictions through consensus.

However, the complexity of integrating multiple models may limit its ability to focus on highly

specific patterns or rare linguistic structures.

LSTM networks represent an idealised learner adept at preserving and utilizing temporal

sequences. By using memory cells and gates, LSTMs maintain continuity and context over lon-

ger sequences, enabling them to learn long-term dependencies and sequential information.

This capability allows LSTMs to represent the progression of language over time, capturing

narrative coherence and integrating both long-term and short-term adjustments. However,

LSTMs may struggle with complex hierarchical structures due to their sequential processing

nature and consequently require extensive training time.

Lastly, the Transformer-XL model [86], which the NNCP compressor used by us is based

on [83], can be seen as an idealised learner that is proficient at mapping global context through

its self-attention mechanism. This mechanism enables each symbol to dynamically relate to

others, constructing a comprehensive web of interactions between symbols. Transformers are

highly capable of learning complex dependencies and contextual relationships within entire

sentences or documents. Their ability to process all preceding tokens simultaneously allows

them to represent language in a broad and interconnected manner, making them particularly

adept at generating coherent and contextually relevant text. However, this ability also comes at

a cost, as Transformer models need to be trained on huge amounts of data to achieve this level

of performance (see, e.g., Fig 2A–2C).

Our first main result (Sect. 3.1.1) indicates that the choice of the LM has very little impact

on the obtained results. Given the far-reaching architectural differences between the
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investigated LMs, we think this is a surprising result. For instance, a PPM2 model, by design,

lacks the memory to store long-term dependencies, yet Fig 2D–2F shows that the results are

highly comparable across LMs. This trend holds even for our largest corpus, UNPC (~LW =

341,723,872, see Sect. 2.1.3), which contains information for six languages. For example, the

median value of ρboth between ĥPPM2 and ĥTRFmed, the former estimate being based on an LM

with a context window of exactly two symbols and the latter based on a transformer model

with ~19.1 million parameters (see Table 2), across symbolic levels (Nρ = 9) is ~rboth = 0.90. Sim-

ilarly, take HCr, which is based on an even simpler LM, i.e., a 1-gram LM that does not consider

any relationships between words but only their frequency of occurrence. Yet the median of

ρboth between HCr and ĥLM for the seven considered LMs across levels and corpora (Nρ = 840)

is ~rboth = 0.42. This consistency across LMs is an important observation for several reasons.

Firstly, larger LMs are notably more expensive to train, requiring substantially more computa-

tional resources as compared to smaller models like PAQ, as outlined in Table 2. Additionally,

larger models need a lot of training data to achieve optimal performance (see Fig 2). This cost-

effectiveness makes smaller LMs particularly attractive for cross-linguistic studies, especially

when computational resources are scarce. Furthermore, as written above, the available elec-

tronic data for many languages, particularly those spoken by smaller populations, is very lim-

ited [36]. Our results indicate that training smaller LMs in such endeavours seems to be a

viable option.

It is important to point out that our demonstration of consistency across LMs occurs under

a specific scenario: we examined whether the information-theoretic complexity of languages

relative to each other remains consistent regardless of the LM used. In other words, if language

A is deemed more complex than language B when analysed with one particular LM, this rela-

tionship persists even when a completely different type of LM is employed. Future cross-lin-

guistic research should explore whether this agreement across LMs extends to other types of

analyses and questions, particularly those that are not strictly based on information-theoretic

measures.

As our second main result (Sect. 3.1.2), we re-evaluated the hypothesis that all languages are

equally complex. To address this, we developed a statistical approach that integrates machine

learning with spatial filtering methods. This methodology, detailed in Sect. 2.6.1, was designed

to control for language- and document-specific characteristics, as well as the phylogenetic and

geographic relationships between languages. We used this approach to compare entropy esti-

mates across corpora and showed that for different LMs, different types of symbols as informa-

tion encoding units, and under control of potential sources of influence, a language with a

high/low entropy rate in one corpus also tends to be more/less complex in another corpus.

While entropy rate measures the difficulty in predicting text after the statistical structure of the

input language has been learned [135], we can further explore the learning process itself by

examining how difficult it is for LMs to learn these predictions. In our prior work [37], we

showed that languages which are harder to predict often tend to be easier/faster to learn for

PPM models. Building on this, recent findings [54] provide evidence of a relationship between

learning difficulty and speaker population size, suggesting–contrary to expectations derived

from previous research–that languages with larger speaker populations tend to be harder for

LMs to learn. These results, along with the analyses presented here, offer information-theoretic

evidence that challenges the equi-complexity hypothesis at the level of written language.

This result inevitably leads to the question: as higher complexity in language results in more

demanding processing efforts, why should there be a trend towards increased complexity in

certain languages? We provide a potential answer to this question as our third main result

(Sect. 3.1.2): we showed that there is a trade-off between the distributions of estimated entropy
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rates and length across corpora and across LMs. Given that, from an information-theoretic

perspective, message length quantifies efficiency [15,136] we argue that this result suggests that

higher complexity is compensated by higher efficiency.

In discussions about the obtained trade-off between L and the average amount of informa-

tion per symbol, i.e., h, a recurring objection was that this result seems trivial. As some col-

leagues pointed out, if the same message is encoded in two languages, each symbol in the

language with the shorter message length must transmit more information, almost by defini-

tion. In a similar vein, in a recent publication a large-scale quantitative information-theoretic

analysis of parallel corpus data in almost 1,000 languages was presented to show that there are

apparently strong associations between the way languages encode information into words and

patterns of communication, e.g. the configuration of semantic information [137]. This publi-

cation was criticised by [138] who demonstrated that the results presented by [137] are system-

atically biased by varying text lengths, which is a very well-known fact in quantitative

linguistics as most, if not all, quantities in the context of word frequency distributions vary sys-

tematically with text length [139–141]. The authors of [137] responded that what they call

"information density" and text length are "two sides of the same coin" and that the Gibbs-Shan-

non entropy and text length, conditional on the same content, measure the same underlying

construct [142]: "because the information content of the parallel translations is the same across

comparison languages, we can infer that the more words present [sic] within a document cov-

ering the same material, the less information is encoded in each." Another recent response to

[137] made a similar argument: "if it takes a language more words to convey the ‘same’ mes-

sage, then each word conveys less information." [143]. Both arguments are incorrect. First, let

us note that a trade-off between h and L does not only occur for parallel corpora, but it is also

observed (i) for comparable corpora (the median adjusted correlation, ρboth, between ĥbest and

L for the seven comparable corpora in our database (see Sect. 2.1 and S3 Text) amounts to

~rboth = -0.47 for words, ~rboth = -0.59 for characters and ~rboth = -0.59 for BPE, Nρ = 49), and (ii)

across corpora–in other words: if we know the entropy distributions in one multilingual text

collection (parallel or not), we can predict the length in another corpus. For example, the

adjusted pairwise correlation (N = 73) between ĥbest on the BPE level for the UDHR (parallel)

corpus and L on the character level for the LCC news (comparable) corpus is ρboth = -0.79.

Secondly, Eq 1 clearly demonstrates that the Gibbs-Shannon unigram entropy is not simply

equivalent to text length, but rather a diversity index [45] that measures the amount of "free-

dom in the combination of symbols" [144], as it is a function of the number of different sym-

bols and how evenly those symbols are distributed. Thirdly, the main problem with such

arguments is that the information-theoretic concept of information is fully agnostic about the

content of messages [15]. As Shannon, the founding father of information theory, puts it

[136]:

"The fundamental problem of communication is that of reproducing at one point either

exactly or approximately a message selected at another point. Frequently the messages have

meaning; that is they refer to or are correlated according to some system with certain physical

or conceptual entities. These semantic aspects of communication are irrelevant to the engi-

neering problem. The significant aspect is that the actual message is one selected from a set of

possible messages."

In fact, the use of "information" as a label (e.g., "amount of information" or "information

content") has been a "continuous source of misunderstanding" since the very inception of

information theory, as pointed out by Bar-Hillel [145], because "it is psychologically almost

impossible not to make the shift from the one sense of information, [. . .], i.e.,

information = signal sequence, to the other sense, information = what is expressed by the
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signal sequence". In information theory, messages are only treated as signal sequences but not

as "content-bearing entities" [145]. Bar-Hillel shows that only under very special circum-

stances, which do not typically apply to human language, can we infer the amount of informa-

tion conveyed merely by the length of a message. There is no logical connection between the

concept of semantic information (i.e., what is "expressed" by a transmitted signal sequence)

and the rarity or improbability of the signal, which is measured by h. Put differently, informa-

tion in the information-theoretic sense has nothing to do with meaning, but only measures the

amount of uncertainty that is removed when receiving a message or the average amount of

information learned about upcoming symbols when observing a symbol of the message.

To illustrate this, consider the sentence "Rain occurs most frequently in spring." Using LCC

word frequency information (cf. Sect. 2.1.1), the predictive uncertainty or self-information, I,
of the sentence, calculated based on a unigram LM (see Eq 1), is I1gram

word = 12.531 bits per symbol

(bps). Now compare this with the sentence "Liquid precipitation occurs most frequently in

spring." If [142,143] were correct, we should expect that this sentence has lower per-symbol

information content, as it contains the same message but uses 7 instead of 6 words. However,

the self-information for this sentence is I1gram
word = 13.646 bps and therefore higher. This is due to

the fact that "rain" is much more frequent in our example data (fLCC = 1,594) than "liquid"

(fLCC = 324) or "precipitation" (fLCC = 96). Since a unigram LM does not consider any contex-

tual information, it makes sense to additionally use a large LM to compute self-information.

Using a GPT-2 model with ~1.5 billion parameters, the self-information of the first sentence

amounts to IGPT� 2
word = 0.952 bps. Again, the self-information of the second sentence is higher

with IGPT� 2
word = 0.965 bps.

As a further illustration, take the following two sentences: "I watched TV." and "I watched

television." From the point of view of propositional content, both sentences contain the same

message. Following [142,143], we thus should expect that the self-information is the same in

both cases. However, both I1gram
word and IGPT� 2

word are lower for the first sentence (I1gram
word = 11.915,

IGPT� 2
word = 3.068) compared to the second one (I1gram

word = 12.397, IGPT� 2
word = 3.210) again because "tele-

vision" is much less frequent (fLCC = 1,568) than "TV" (fLCC = 4,269).

Finally, consider the sentence pair "They will attack at dawn." versus "They will attack at

5am." From the point of view of propositional content, the "total amount of information" of

the second sentence should be higher because it specifies a precise time. Based on a unigram

LM, the total amount of information is I1gram
total = 53.389 bits for the first sentence and I1gram

total =

55.884 bits for the second one. However, based on the arguably much better GPT-2 LM, we

obtain the opposite result with IGPT� 2
total = 7.000 bits for the first sentence and IGPT� 2

total = 6.620 bits

for the second one.

These illustrations demonstrate that both H and h reflect the statistical structure of "linguis-

tic sequences independently of the specific information that [is] being encoded" [146]. As

such, it is important to point out that information theory cannot be used to measure some-

thing like the total amount of semantic information/propositional content of a sentence.

Instead, information theory provides a framework for quantifying the efficiency of symbol

sequences in transmitting data, focusing on the probabilistic structure and redundancy of the

language rather than its semantic content.

To elaborate further, it should be noted that translation from one language into another is

fundamentally different from what is meant by encoding in the information-theoretic sense.

In early works on machine translation, such as Warren Weaver’s famous memorandum [147],

translation was sometimes understood to be similar to, e.g., cryptographic decoding. But

encoding schemes are basically just biunique mappings of an information source to symbol

sequences that permit exact recovery of the original symbols, whereas there is no information-
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theoretically well-defined sense in which one (of possibly very many) translation of a text into

another human language conveys the "same content". The difference is similar to that between

sign language and fingerspelling. A written English text can be translated into a sign language,

such as American Sign Language (ASL). Since ASL is a full-blown natural language of its own

(with no relation whatsoever to spoken English), there are usually many possible translations

none of which allows unambiguous reconstruction of the source text from it. On the other

hand, fingerspelling (which is a part of ASL) enables users to mechanically render e.g. English

words through sequences of signs representing letters and can thus, in principle, be back-

translated losslessly to the oral language original.

The biuniqueness of encoding schemes is the reason why text length and entropy rate are

indeed trivially inversely related to each other when comparing different encodings of a source

text, since different encodings of the same source can always be compressed to the exact same

outcome and the length of that outcome is then used to estimate the entropy rate. For transla-

tions between human languages no such argument is available. Indeed, as we will demonstrate

in what follows, shorter translations may in principle come with a lower entropy rate instead

of a higher one.

Before further interpreting the complexity-efficiency trade-off, we will discuss the results,

presented in the Supporting Information, from several additional analyses we conducted to

test the reliability and validity of this trade-off. First, practicing what we preached above, we

rule out the possibility that the association between h and L is simply the result of a well-

known systematic text-length bias (S4 Text). Secondly, we demonstrate that there is clear evi-

dence for an entropy-length trade-off only between languages, but not within languages (S5

Text). Thirdly, we show in S6 Text both theoretically and empirically that the trade-off is

indeed not trivial, as one can define processes that increase both entropy and length at the

same time. Fourthly, we control for cross-linguistic differences in the number of different

words and characters that might stem from, amongst others, morphological typology, different

writing systems, varying phonological constraints etc., by using the number of different word-

form types and the number of different characters (both log-transformed averages over all

translations per language in the BibleNT collection) as additional control variables when

assessing the (dis)similarity of entropy and length distributions across corpora (see S7 Text).

Fifthly, to address the issue of varying levels of orthographic depth (see Sect. 2.4), we incorpo-

rated data from ref. [148], who uses a transformer LM to estimate the percentage of correct

predictions in phoneme-to-grapheme and grapheme-to-phoneme "translation" tasks across 16

languages. These estimates, which serve as measures of phonemic transparency, provide a

quantitative assessment of the ease with which written text can be converted to or from its spo-

ken form, i.e., how directly characters map to phonemes. In S8 Text, we used this information

as an additional covariate to control for orthographic depth in our analyses. In both S7 Text

and S8 Text our results remain robust: (i) languages with high/low entropy rates in one corpus

also tend to be more/less complex in another corpus, (ii) an analogous pattern holds for cross-

language length distributions, and (iii) there is a trade-off between the distributions of esti-

mated entropy rates and text length across corpora. Sixthly, we show in S9 Text that the pat-

terns observed in the other investigated multilingual text collections align with those from the

PBC. As written above (see Sect. 2.4), we believe that this consistency bolsters confidence in

the robustness and validity of our quantitative results, due to the substantial effort and typolog-

ically informed curation of the PBC (see Sect. 2.1.1). Seventhly, our study focuses exclusively

on written language. To explore a potential connection to spoken language, we utilised data

from the VoxClamantis corpus [149], which is based on audio recordings of the New Testa-

ment of the Bible. In S10 Text, we outline how phoneme sequences were prepared and used to
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train PAQ in order to compute an entropy estimate at the phonemic level, denoted as ĥφ. For

NL = 26 languages from 8 different language families, we have estimates at both the phonemic

level from the VoxClamantis corpus and the written level from the BibleNT corpus. Using

these estimates, we calculated the Pearson correlation between the logarithms of ĥφ and

ĥbestðkÞ. At the word level, the correlation is ρwords = 0.32, while at the character and sub-word

levels, the correlations are stronger, with ρcharacters = 0.58 and ρBPE = 0.54, respectively. The

results also suggest an inverse relationship between ĥφ and the logged text length L(κ), with a

more pronounced effect at the character level (ρcharacters = -0.52) compared to the word level

(ρcharacters = -0.26). While these findings are preliminary, due to the limited sample size, the

varying quality and quantity of Bible readings per language, and other caveats [149], they sug-

gest that the complexity-efficiency trade-off observed in written language may also extend to

spoken language. We believe this indicates the potential for further exploration of spoken lan-

guage as a valuable direction for future research.

With these results in mind, we conclude this paper by discussing potential reasons for a

trade-off between complexity and message length. This discussion is based on our fourth main

result: using a multi-model multilevel approach detailed in Sect. 2.6.2, we presented findings

in Sect. 3.2 indicating that the trade-off is influenced by the social environment in which lan-

guages are learned and used. Specifically, languages with more speakers tend to be more com-

plex. At first glance, this result contrasts with previous research suggesting that languages

spoken in larger communities tend to be less complex [150–156], as larger communities are

assumed to favour simple and predictable language structures. At the same time, our results

indicate that languages with more speakers tend to produce shorter messages, i.e., are more

efficient.

Let us speculate that in large societies, institutionalised education potentially makes greater

linguistic complexity possible by providing systematic and formalised language learning,

which, in turn, can support the acquisition and use of more complex linguistic structures. In

line with this, a recent large-scale study found a positive statistical correlation between gram-

matical complexity and speaker population size [53]. At the same time, the importance of writ-

ten communication in larger societies might create a natural pressure towards shorter

messages, as it saves costs for producing, storing, and transmitting written texts (e.g., book

paper, storage space, bandwidth). This dual influence–educational systems enabling complex-

ity and the practical need for efficiency in written communication–could help explain why lan-

guages in larger communities might evolve to balance these pressures, resulting in shorter but

more complex messages. Testing this hypothesis is an important avenue for future research.
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