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Abstract: The emergence of large, consistently annotated corpora in many languages opens new avenues for 
linguistic typology by enabling the incorporation of usage-based evidence, including frequency information, into 
the study of language complexity. Morphological information is one of several facets of language complexity. In 
this paper, we use morphological feature annotations from the Universal Dependencies (UD) corpora to quantify 
information carried by morphology across 154 different datasets spanning 72 language varieties. We propose an 
information-theoretic approach that measures how surprising morphological feature values are given a token’s 
part of speech or lemma in the corpus. These token-level quantities are aggregated to dataset-level averages, 
yielding a usage-weighted estimate of morphological information load. We find substantial cross-linguistic 
variation in morphological information, and observe moderate to strong correlations with a related information-
theoretic metric proposed by Çöltekin and Rama. By contrast, we find little correspondence with questionnaire-
based typological metrics derived from Grambank, which represents an alternative approach to cross-linguistic 
comparison based on grammatical inventories rather than usage. This illustrates the difference between studying 
the possible extent of the grammatical system versus language use. We also discuss various drawbacks with 
corpus-based typology, such as comparability of datasets and uneven coverage across the globe.

Keywords: morphology; dependency treebank; corpora; information theory; surprisal

Second language abstract, in Swedish: Framväxten av stora annoterade flerspråkiga korpussamlingar öpp-
nar upp nya möjligheter för språktyologiska studier, t.ex. inom forskning på språkkomplexitet. Morfologisk 
information är en av flera aspekter av språkkomplexitet. I den här artikeln använder vi oss av morfologiska 
annoteringar från Universal Dependencies (UD)-korpusarna för att kvantifiera information i morfologi baserat 
på språkanvändning. Studien täcker 154 korpusar spänner över 72 språkvarianter. Vi föreslår en information-
steoretisk metod som mäter hur överraskande morfologiska annoteringar är givet tokenens ordklass eller 
lemma. Vi aggregerar dessa mätvärden på tokennivå till medelvärden för korpusar, vilket ger en använd-
ningsviktad uppskattning av morfologisk informationsbelastning överlag. Vi finner betydande tvärspråklig 
variation i morfologisk information och observerar måttliga till starka korrelationer med en relaterad infor-
mationsteoretisk mätteknik som föreslagits av Çöltekin och Rama. Däremot finner vi liten överensstämmelse med 
frågeformulärsbaserade typologiska mätvärden härledda från Grambank, vilket representerar ett alternativt 
tillvägagångssätt för tvärspråklig jämförelse baserad på grammatiska system snarare än användning. Detta 
illustrerar skillnaden mellan att studera den möjliga omfattningen av det grammatiska systemet kontra hur 
språket används. Vi diskuterar också olika nackdelar med korpusbaserad typologi, såsom jämförbarhet av 
datamängder och dålig global täckning.
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1 Introduction

Language complexity is notoriously multifaceted. Even within the subdomain of morphological complexity there 
are multiple dimensions along which a language’s morphology can vary, making comparison between languages 
difficult (Miestamo 2006b). Historically, much of the work on morphological complexity has focused on typo-
logical questionnaire surveys of morphological features and paradigms. Approaches based on corpora, however, 
offer complementary advantages, in that they can capture variation in usage. Over the last decades, a growing 
number of studies have quantified aspects of language complexity using corpus data (Bentz et al. 2016; Koplenig 
and Wolfer 2023; Moscoso del Prado Martín et al. 2004; Sagot 2013), building on earlier forerunners such as 
Greenberg (1960) and Juola (1998). Information-theoretic measurements are of particular interest in this context. 
Information, in the quantitative sense, is defined in terms of probabilities, and corpora provide empirical 
estimates of the frequencies with which different forms occur in language use.

In this study we introduce a measure of morphological complexity based on morphological feature 
annotations in corpora. The goal is to capture the informational load that languages typically carry in their 
morphology. Although a measure of this kind has been introduced previously (Çöltekin and Rama 2023), we argue 
that ours offers several improvements. Our measure provides a fine-grained quantification of the amount of 
morphological information carried by particular tokens. This goes beyond previous work that aggregates 
informational quantities at the level of the entire dataset by measuring the even-spreadedness of morphological 
features.

The structure of the paper is as follows. Section 2 briefly surveys previous work on language complexity, 
especially morphological complexity, and justifies the kind of corpora-based analysis we undertake. Section 3 
introduces our study by defining our metric and describing the Universal Dependencies (UD) corpora to which it 
will be applied. This section also describes similarities and differences between our metric and Çöltekin 
and Rama’s mean feature entropy (henceforth Ç&R’s MFH). Section 4 provides the main results of our study. 
We determine correlations between our metric and other quantities measurable from UD corpora. We also 
determine correlations between these measures and others previously associated with morphological complexity 
but derived from Grambank rather than UD corpora. The goals are (i) to demonstrate differences between our 
metric and Ç&R’s MFH, and (ii) to demonstrate differences between corpus-based measures of morphological 
complexity and those derived from grammars. Section 5 discusses limitations of our study, while Section 6 
concludes.

2 Background: defining language complexity

Language complexity 1 is a multifaceted concept that can be approached in different ways (Raviv et al. 2022). One 
influential distinction is between absolute complexity, referring to properties of the linguistic system itself (e.g., 
the number of morphological distinctions), and relative complexity, concerning learning and processing difficulty 
for particular speakers (Miestamo 2006a, 2008). Even when focusing on absolute complexity, however, many 
measures are motivated by cognitive considerations. The present study is primarily concerned with absolute 
complexity.

Different theoretical approaches target different dimensions of complexity, yielding measurements that may 
correlate (Bentz et al. 2016, 2023; Çöltekin and Rama 2023), but also diverge (Lupyan and Raviv 2024). For example, 
complexity can be operationalized in terms of paradigmatic predictability (Ackerman et al. 2009; Cotterell et al. 
2019; Round et al. 2022) or syntactic dependency length (Gibson 1998; Liu 2008).

Within morphological complexity, two commonly studied dimensions are enumerative complexity 
(E-complexity), capturing the number of overt morphological distinctions (Ackerman and Malouf 2013; Cotterell

1 Unfortunately, the terms “simple” and “complex” in relation to language have in some circles acquired value judgement, with so 
called “complex” languages being interpreted as more admirable or better in some other way (Sampson 2009: 4–5). This is nonsense: all 
languages are equally valid and valuable forms of human communication.
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et al. 2019), and integrative complexity (I-complexity), capturing implicative relations within paradigms 
(Ackerman and Malouf 2013; Cotterell et al. 2019; Kusters 2003). Several dimensions of morphological structure 
commonly discussed in the complexity literature, such as fusion and synthesis, build on early work in the history 
of linguistics by Sapir (1921) and Greenberg (1960). 2 Table 1 summarizes a range of approaches to language 
complexity. Our study focuses on the surprisal of morphological features in corpora and can therefore be 
understood as a usage-based application of E-complexity, sensitive to distributional asymmetries in use.

In this study, we are interested in the information of morphological features, as defined by usage frequencies 
in corpora. Our information-theoretic corpus-based metric can be seen as a probabilistic extension of absolute 
complexity, generalizing Miestamo’s (2006b, 2008) notion to account for actual language use. As with previous 
studies, we take morphological complexity to be related to the difficulty of language processing and learning 
(Bentz and Berdicevskis 2016; Cohen-Mimran et al. 2013; Hyönä et al. 1995; Mehravari et al. 2015).

Languages with richer morphology tend to exhibit larger inventories of distinct word forms and more complex 
paradigmatic structure, including non-compositional patterns such as suppletion or stem alternations (Baerman

Table : Non-exhaustive table of different language complexity dimensions found in the research literature.

Metric Description Selection of relevant publications

Boundedness/fusion How much grammatical material is morphologi-
cally bound

Sapir (); Greenberg (); Bybee (); 
Skirgård et al. (a); Shcherbakova et al. 
(); Lupyan and Dale ()

Type–token ratio How many unique words in relation to all words Kettunen (); Çöltekin and Rama () 
Synthesis Morpheme to word ratio Sapir (); Greenberg (); Bybee (); 

Easterday et al. ()
Enumerative complexity How many grammatical distinctions there are Greenberg (); Ackerman and Malouf (); 

Shcherbakova et al. (); Skirgård et al. 
(a); Lupyan and Dale (); Çöltekin and 
Rama ()

Informativity/prediction accu-
racy/contextual predictability

How accurately the next item in a string of lan-
guage production can be predicted

Cohen-Priva and Jurafsky (); Cotterell et al. 
(); Frank and Bod (); Levshina () 

Redundancy How much information is repeated Leufkens ()
Systematicity/transparency The degree of consistency of form to meaning

patterns
Raviv et al. (); Hengeveld and Leufkens
(); Bybee ()

Integrative complexity/paradigm 

complexity
Predictability of forms within paradigms Bybee (); Round et al. (); Ackerman et al. 

(); Ackerman and Malouf (); Cotterell 
et al. (); Sagot (); Moscoso del Prado 
Martín et al. (); Beniamine (); Bonami 
and Beniamine ()

Paradigm syncretism Degree to which distinct morphosyntactic feature 
combinations share surface forms

Quinn (); Bonami and Beniamine ()

Compositionality The extent to which the meaning of larger units is 
built from the meanings of smaller parts 

Wray and Grace (); Lindsay-Smith et al. 
()

Kolmogorov complexity/description 
length

Compactness of descriptions; amount of informa-
tion required to describe linguistic structure, typi-
cally approximated via compression or coding-
based measures

Kolmogorov (); Juola (); Dahl (); 
Aceves and Evans (); Sagot (); Ehret 
()

Ease of LLM learning How easy is it for a large language model (LLM) to 
learn the language

Koplenig and Wolfer ()

Length of syntactic dependencies How nested the syntactical structure is (tax on 
short-term memory)

Gibson (); Liu ()

Shared types The total number of population-wide shared types Spike ()

2 Estimating language complexity (e.g., Fusion) using texts as opposed to surveying grammatical descriptions appears already in 
Greenberg (1960).
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et al. 2015; Bentz et al. 2016; Dahl 2004). Traditional approaches to measuring morphological complexity are often 
based on surveying grammatical rules and distinctions (Lupyan and Dale 2010; Shcherbakova et al. 2023) – the 
possible extent of the system. However, this approach does not capture frequency patterns which can be important 
for testing certain language complexity hypotheses. For example, both Spanish and Turkish grammars distinguish 
three demonstrative forms (Spanish: este/ese/aquel, Butt et al. 2019: 87; Turkish: bu/şu/o, Schaaik 2020: 67). In actual 
usage, however, these distinctions are unevenly used. In the UD dataset Spanish-AnCora, aquel accounts for only 5 % 

of occurrences, compared to 26 % for ese and 69 % for este (Taulé et al. 2008). In Turkish-Penn, bu dominates with 
85 % of occurrences, while o and şu together account for less than 15 %. Although both languages exhibit the same 
number of demonstratives (n = 3), their usage distributions differ, with potential consequences for learning and 
processing. Such distributional asymmetries suggest that usage-based measures, such as the one presented in this 
study, provide a complementary perspective on morphological complexity by weighting distinctions according to 
their empirical prominence in language use (cf. Bentz et al. 2016; Levshina et al. 2023).

3 Study outline

We quantify one aspect of language complexity by studying how much information is typically encoded in 
morphology in language use. An increase in morphological information can be understood as an increase in the 
informational commitments made in the grammatical form. Our metric, described in Section 3.3 and defined in 
more detail in Appendix A.2, captures the amount of information carried by morphological features across 72 
language varieties spanning 154 datasets from the UD corpora collection (Zeman et al. 2024).

3.1 Data

We use Universal Dependencies v2.14 (Zeman et al. 2024; see further citations in Appendix D). We process the UD 
datasets before calculating morpho-surprisal (removing empty nodes, resolving multiwords, inserting dummy 
values for missing features, etc.); see Appendix A.2 for details. We use Glottolog v5.0 (Hammarström et al. 2024) for 
information about languages such as their location. For comparison with Grambank metrics, we use Grambank 
v1.0 (Skirgård et al. 2023a, 2023b). All code and data are freely available; see Appendix D.

3.2 Similar studies

This study follows similar theoretical principles to studies involving the Grambank-based metrics Fusion (out of 
all Grambank features that target bound morphology, what proportion are answered positively?) and Infor-
mativity 3 (out of all Grambank features which target if a grammatical distinction is made, how many are 
answered yes?). 4 Both approaches seek to cross-linguistically compare amount of morphology and information in 
morphology, but instead of using a survey of grammars, we use metrics calculated on annotated corpora. 
As discussed earlier, corpora-based studies have the advantage of capturing greater nuance in usage, which can 
be meaningful when studying diversity and change (Bentz et al. 2016; Greenberg 1960; Levshina 2022). We note 
that one of the current drawbacks with corpora-based typology is a considerably smaller sample size. For 
example, Grambank contains more than 2,000 languages and UD fewer than 200. Sample bias is also a concern, 
with smaller and non-Eurasian languages being under-represented in corpora collections like UD (see Figure 3). 
For comparison with our metric, we compute the two Grambank metrics according to established procedures 
(Shcherbakova et al. 2023; Skirgård 2025; Skirgård et al. 2023a) using Grambank v1.0 (see Appendix A.3).

3 The term “informativity” is found in the literature with at least two senses: how many grammatical distinctions a grammar makes 
possible (Shcherbakova et al. 2023; Skirgård et al. 2023a) and the average contextual unpredictability (Cohen-Priva and Jurafsky 2008). 
These two senses are distinct. When we refer to the Grambank Informativity metric, we refer to the first one.
4 For more details on these metrics, please see Skirgård et al. (2023a) and Skirgård (2025).
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A similar approach to ours was pursued by Çöltekin and Rama (2023). They calculated several complexity 
metrics on UD datasets, including one designed to capture morphological information. Ç&R were interested in 
how different measures of complexity may latch onto the same underlying properties of language. They analysed
eight measures, from a simple count of the type–token ratio to the far more involved assessment of how
accurately a machine learning model can predict an inflected word from its lemma and morphological features. 
The measure most relevant for our purposes is MORPHOLOGICAL FEATURE ENTROPY (MFH), which captures how evenly 
spread morphological features are throughout a UD dataset. Entropy connects to complexity in a similar way to
our metrics: if a few features dominate the corpus then they are more predictable. Since predictability is
intuitively connected to complexity, the even-spreadedness of morphological features in a corpus can indicate the 
morphological complexity of a language. Ç&R’s MFH has also been used in further studies, such as Bentz et al. 
(2023). The similarity between our approach and Ç&R’s MFH was accidental; we only discovered their paper after 
formulating our study. Given the similarity of Ç&R’s MFH with the current study, we describe this metric in more 
detail in Appendix A.1 and we directly compare results of both metrics (more details in Appendix B). We see our 
study as an improvement on Ç&R’s MFH as we believe that our handling of missing features, aggregation levels, 
and other aspects are preferable. We acknowledge that they are similar in spirit and results, and we appreciate 
Çağrı Çöltekin and Taraka Rama making their code available and responding to questions. 5

Lastly, a measure similar to ours was previously defined by Sproat et al. (2014). Their focus is efficiency, which 
they relate to differences in informational content across strings when normalized by length. They discuss 
different methods of quantifying both “information” and “space” in order to obtain ratios information

space for different

languages. One of their measures of information weights tokens by the SURPRISAL of their morphological features 
(given their bespoke annotation scheme). The surprisal of an event is a function of its probability: it is the
logarithm of the reciprocal, written log 1p, so that events with lower probability have higher surprisal. Using a

customized dataset, they report results for eight languages (based on fewer than 1,000 sentences per language). 
Their work is conceptually similar to Ç&R’s MFH, as well as our own. Unfortunately we cannot include a direct 
comparison because the original results are based on a small sample and we lack enough details to reproduce 
their procedure.

3.3 Overview of our metrics

Our approach consists of several metrics that measure information in morphological features in corpora. UD 
datasets (Zeman et al. 2024) contain token annotations for morphological features, universal parts of speech
(UPOS), and lemmas which we can use to this end. Table 2 illustrates a Turkish sentence from the UD Turkish-Penn 
dataset (Kuzgun et al. 2020), where tokens are annotated for categories such as case, number, tense, aspect, and 
person.

In this study, we are interested not only in how many morphological features a token bears on average, but 
also in how informative those features are given their usage frequencies. For example, in Turkish-Penn the
feature Number is often marked as Singular (87 %), whereas Tense is more evenly distributed (Past 50 %, Present 
45 %, Future 5 %). From an information-theoretic perspective, Tense is more informative than Number, as its
values are less predictable: the entropy of Tense is 0.5 log 10.5 + 0.45 log 1

0.45 + 0.05 log 1
0.05 = 1.234 bits, whereas the

entropy of Number is only 0.87 log 1
0.87 + 0.13 log 1

0.13 = 0.557 bits. For a given token, if the value of Tense is Past, that
is less surprising than if it was Future (log 1

0.5 = 1 bit vs. log 1
0.05 = 4.322 bits).

We measure token-level surprisal of morphological feature values and average across datasets to obtain a 
point estimate of morphological information (henceforth morpho-surprisal). The exact procedure for calculating 
our metrics can be found in Appendix A.2.

5 We would particularly like to thank Çöltekin and Rama for corresponding with us so that we could confirm our understanding of 
their procedure. Any remaining misunderstandings are our own.
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We calculate feature and value frequencies conditional on either UPOS or lemma (henceforth aggregation 
level). This serves several methodological purposes. First, features need not have comparable functions across 
parts of speech (e.g., Number on nouns vs. verbs). Second, feature distributions often pattern into groups such as 
UPOS. Besides UPOS, there can be other classes of words which pattern regularly (e.g., animates versus in-
animates). Because other linguistically relevant classes (e.g., animacy, verb type) are not consistently annotated 
across languages, 6 lemma serves as a complementary more fine-grained aggregation level. Third, aggregating by 
UPOS or lemma better reflects language use, since users are not facing situations where any feature category can 
appear for any word.

We acknowledge that “lemma” is as an elusive category psycholinguistically (Meyer 2026), but in this study 
we believe it contributes a meaningful way of structuring the lexicon at a finer level compared to UPOS and is 
preferable to treating all tokens as one group. In principle any way of grouping tokens can be implemented in our 
approach (e.g., Appendix C.1.2.1), and our metric can be calculated on any dataset with the necessary formatting 
(Appendix A.2.1).

All tokens of a given UPOS or lemma are assigned the same set of feature categories. Missing feature values 
are filled with a dummy value (“unassigned”), reflecting the fact that absence of annotation itself may carry 
information. For instance, in Czech-PDT, 96 % of adjectives are marked for Polarity; the remaining tokens are 
assigned “Polarity = unassigned” when aggregation level is UPOS. If all tokens of an UPOS or lemma lack features, 
a single dummy feature is assigned (“unassigned = unassigned”).

We define eight variants of morpho-surprisal based on three binary parameters. The first is aggregation level 
(UPOS or lemma). The second concerns whether we use all features in a dataset, or only those centrally defined 
(“core” features as defined by the UD project; see Appendix C.1.1). The third concerns whether we treat the 
features separately (e.g., Case = Ins, Degree = Pos) or as a concatenated string (“featstring”; e.g., “Case = Ins| 
Degree = Pos”). This parameter is included to partially address conditional frequency (see Appendix C.2). All 
variants of morpho-surprisal are listed in Table 3.

3.4 Additional metrics

We also calculate related metrics which are commonly reported in other corpora-based studies of morphological 
complexity. For example, we expect that a dataset that contains a higher absolute number of morphological

Table : Sentence - from Universal Dependencies dataset Turkish-Penn (Kuzgun et al. ). UPOS = universal part of speech; 
lemma = base form; token = specific word.

UPOS Lemma Token Morphological features

ADJ devasa Devasa
ADJ ölçek ölçekli
ADJ yeni yeni
NOUN kanun kanunda Case=Loc|Number=Sing|Person=
ADJ kullan kullanılan
ADJ karmaşık karmaşık
CCONJ ve ve
ADJ çetrefil çetrefilli
NOUN dil dil Case=Nom|Number=Sing|Person=
NOUN kavga kavgayı Case=Acc|Number=Sing|Person=
VERB bulan bulandırdı Aspect=Perf|Mood=Ind|Number=Sing|Person=|Polarity=Pos|Tense=Past|VerbForm=Fin|Voice=Cau

Translation: ‘The complex and complicated language in the massive new law has muddied the fight.’

6 In Appendix C.1.2.1 we explore “subclasses” within UPOS. This approach is experimental and is included in the appendix as sensitivity 
analysis.
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feature categories is more likely to exhibit higher levels of surprisal of morphological features per token as there 
are more features that can be utilized. The additional metrics are:
– type–token ratio (TTR): the number of unique tokens divided by the total number of tokens
– lemma–token ratio (LTR): the number of unique lemmas divided by the total number of tokens
– mean number of morphological features per token (calculated without “dummy” features)

a) all features
b) core features only

– mean token surprisal: mean surprisal per token given all tokens, regardless of UPOS/lemma or morphological 
features

We also report some simple statistics for each dataset:
– number of types (# Types)
– number of tokens (# Tokens)
– number of unique feature categories (# Feat cat)

a) all features
b) core features only

Finally, we compare with metrics from other studies:
– Ç&R’s MFH, with small modifications (see Appendices A.1, A.1.1, and B)
– Grambank metrics (see Appendix A.3):

– Fusion (degree of morphological boundness as measured by Grambank features)
– Informativity (number of grammatical distinctions as measured by Grambank features)

3.5 Comparison: Ç&R’s MFH and ours

There are several differences between Ç&R’s MFH and our metrics. We list a few key differences here; for more, 
see Appendix B.

Firstly, Çöltekin and Rama remove tokens with missing features (for example ölçekli, kullanılan, karmaşık, 
and ve in Table 2), whereas we keep them. For datasets of languages with little morphology, this makes a large 
difference in the number of tokens analysed and therefore the averages.

Secondly, instead of calculating the average surprisal of features (e.g., Case = Acc) across the entire sample of 
tokens, we split features into their component category/value pairs (e.g., “Case” and “Acc”), and calculate the sum 

of the surprisals of feature values (e.g., “Acc”) given a feature category (e.g., “Case”) given an aggregation level 
(UPOS or lemma) for a given token. This produces the token’s morpho-surprisal: the amount of information it 
carries by virtue of its morphological feature markings or lack thereof compared to relevant other tokens. Once 
we have a measure of morpho-surprisal for each token, we can average this across the entire dataset to obtain 
mean morpho-surprisal per token.

Table : Variants of our metric.

Aggregation level All features or only core features Features separated or featstring

Lemma All Features separated 
Lemma Core only Features separated   

UPOS All Features separated 
UPOS Core only Features separated   

Lemma All Featstring 
Lemma Core only Featstring   

UPOS All Featstring 
UPOS Core only Featstring 
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4 Results

We report the results in scatterplot matrices (SPLOMs) and maps. 7 The SPLOM visualizations compare different 
measurements of the same data in a pairwise fashion. The lower-left portion of each SPLOM shows scatterplots 
for the pairwise comparisons of measurements. The upper-right portion shows the Spearman’s rank correlation 
coefficient of the corresponding pair (see Appendix E for details). The diagonal of the plot shows histograms of 
each measure. The upper and right edges of the diagram list the names of each measure, while the left and lower 
edges display axis values for the scatterplots.

Significant correlations (p < 0.05) are marked with an asterisk. Because these SPLOM plots comprise multiple 
comparisons, we used the Holm–Bonferroni method (Holm 1979) to adjust p values in order to control the family-
wise error rate where relevant (see Appendix F for more details). An absolute correlation coefficient larger than 
0.7 is commonly interpreted as a strong relationship, and above 0.9 very strong (Schober et al. 2018). We have 
marked significant correlations above 0.7 in red bold text. For each pair of measurements, we compare as many 
overlapping data points without missing data as possible. The number of data points compared for each pair is 
reported in the upper triangle of the SPLOM as n. 8

UD datasets can vary considerably in terms of genre, which can have an impact on the measurements we are 
calculating. The UD datasets that belong to the Parallel Universal Dependencies (PUD) subset are more compa-
rable in genre as they are translational equivalents. Therefore, we report results both for all UD datasets and for 
the PUD datasets only. See Appendix C.1.3 for more information.

4.1 Our morpho-surprisal metrics

First, we consider the relationship between the eight different new metrics defined in this paper (Figures 1 and 2). 
All correlate strongly with each other (≥0.8 * ), regardless of whether we consider all datasets or only PUD. This 
suggests that while they differ in specific implementation, they are picking up on the same characteristics of the 
datasets (and thereby languages) in question. 9

The pair of morpho-surprisal metrics that differ the most from each other are: 10

– mean sum surprisal of features, aggregation level = UPOS, all features (Figure 3(a))
– mean sum surprisal of featstring, aggregation level = lemma, core features only (Figure 3(b))

These two variants of our morpho-surprisal metric are also maximally distinct (features vs. featstring, UPOS vs. 
lemma, all features vs. core only), so it makes sense that they would correlate less than other pairs. To save space, 
we will include only these two in further plots as they represent the variation of our custom metrics well. Figure 3 
shows the distribution of these two metrics across the datasets linked to language locations. These distributions

7 We matched UD datasets to glottocodes and used geographical locations of languages found in Glottolog 5.0 (Hammarström et al. 
2024). The points have been jittered somewhat to avoid overlaps for datasets of the same or nearby languages which would obscure 
information. Unfortunately there are no UD datasets included in our study representing languages of the Americas or the central or 
eastern Pacific regions, which is why these are not displayed on the maps.
8 When comparing between measurements based on the UD datasets, each point represents a single UD dataset. When comparing 
against the Grambank metrics Fusion and Informativity, the UD dataset metrics (including Ç&R’s MFH) are matched to entries in 
Grambank via glottocodes and averaged over language.
9 A reviewer rightly pointed out that one cannot infer from a correlation between two variables that both are tracking the same 
underlying characteristic. For example, age and wage are correlated but do not track any single property in a population. Here we are 
relying on the fact that each of our metrics is defined in terms of the same formula, applied to the same datasets, but with variations in 
precise settings (UPOS/lemma, all features/core features, features separated/featstring). The strong correlations between the outcome 
of these implementations demonstrate, we think, that there is a general property of each dataset – what we have described as the 
“morpho-surprisal” – that each specific implementation is capturing an aspect of.
10 We note that there is another pair in the larger dataset (not PUD) that are as uncorrelated (0.84*): mean sum surprisal of features, 
aggregation = UPOS, core features versus mean sum surprisal of featstring, aggregation level = lemma, all features. As this pairing is 
very similar to our chosen one, and our chosen pairing is the least correlated in the PUD dataset as well, we will focus on it alone.
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are similar to the dimension “degree of synthesis” (Comrie 1989; Croft 1990; Greenberg 1960; Sapir 1921) often 
referenced in linguistic typology – “hot spots” in eastern Europe and Western Asia and lower values in Southeast 
Asia. However, as several key areas are missing or severely under-represented (primarily the Americas, Africa, 
and Australia), the seeming alignment of our values with patterns discussed in linguistics literature is indicative 
rather than conclusive.

We also compare our metrics to other statistics of the dataset (TTR, number of feature categories, and more). 
Due to space constraints, we cannot include these SPLOMs and discussion in full here; please see Appendix G. Both 
representative custom metrics correlate moderately to strongly (≥0.69 * ) with mean number of features per token 
(for all datasets and for PUD only). This is expected: the more features tokens have, the more chances there are to 
be surprised.

For the PUD datasets, there were also moderate to strong correlations between one of the custom metrics 
(mean sum surprisal of features, aggregation level = UPOS, all features) and two other statistics: TTR (0.68*) and 
number of types (0.73*). This can be explained by the fact that the more morphology a language has, the

Figure 1: Scatterplot matrix of our eight custom metrics of morpho-surprisal over all UD datasets in the study.
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more unique types can be generated in a corpora and the more morphological features there are to be sur-
prised by. However, this relationship is not evident when considering all datasets (<0.36). This is most likely due 
to PUD datasets being translational equivalents. Because of this the number of types in PUD datasets is more likely 
to track relative morphological diversity compared to all datasets which may be of varying lengths and genres. 

Our second representative custom metric (mean sum surprisal of featstring, aggregation level = lemma, core 
features only) does not show a strong correlation with TTR or number of types, even in the PUD datasets. This is 
consistent with the fact that lemma-level aggregation combined with a restriction to core features removes much 
of the variance. By contrast, UPOS-level aggregation pools across lemmas and preserves cross-lemma variation, 
which makes it more possible for number of types to co-vary with our morpho-surprisal metric.

Figure 2: Scatterplot matrix of our eight custom metrics of morpho-surprisal over only the PUD-datasets.
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4.2 Comparison with Ç&R’s MFH

An empirical comparison of Ç&R’s MFH metric with our two representative morpho-surprisal metrics, absolute 
number of feature categories, and TTR can be seen in Figure 4. 11 The correlations between our metrics and Ç&R’s 
MFH are moderate to strong (0.58–0.83*). For further details of the conceptual differences between the metrics, 
see Section 3.5 and Appendices A.1 and B.

Figure 3: Maps showing two of the 
custom metrics. (a) Mean sum 

surprisal of features, aggregation 
level = UPOS, all features. (b) Mean 
sum surprisal of featstring, 
aggregation level = lemma, core 
features only.

11 Note that we implement Ç&R’s MFH slightly differently from the original version. See Appendix A.1.1 for details.
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Why should our metric not correlate perfectly with Ç&R’s MFH? Firstly, there are whole datasets as well as 
parts of datasets that cannot be included in calculating Ç&R’s MFH but where our approach functions. This is due 
to differences in data processing decisions. For example, tokens without morphological features, without lemmas, 
or without a string for the token field are excluded from their analysis. We keep these in as they can still be useful 
for computing the information in morphology across datasets (see Appendix A.2). This make a difference for 
isolating languages like Mandarin Chinese, as only tokens with any morphology are taken into account for 
computing MFH. If a language has many tokens with no morphological features and these are all excluded, then 
the metric is only computed on a particular subset of the tokens instead of over all tokens. We can see the possible 
consequences of this if we compare Mandarin Chinese with Portuguese, which are commonly described as having 
little and moderate morphology respectively. If we rank UD datasets by their MFH values, then Portuguese-PUD 
appears lower than Chinese-PUD (rank 7 vs. 9). This is not the case for our morpho-surprisal scores, where 
Chinese-PUD ranks lower than Portuguese-PUD as we would expect given common descriptions of their gram-
matical systems.

Secondly, the first of our representative metrics (mean sum surprisal of features, aggregation level = UPOS, all 
features) assigns a wider range of values to the datasets, some of which are lower and some higher than mean 
feature entropy. This is because our UPOS-based measure covers a wider range of values than mean feature 
entropy does (see Figure B in Appendix B.8), giving a more fine-grained measure of morphological complexity. For 
more information on the differences between our two approaches methodologically, see Appendix B.

4.3 Grambank metrics

Finally, we compare our custom metrics and Ç&R’s MFH to the Grambank metrics Fusion and Informativity. We 
also include TTR and number of feature categories as anchors to the dataset attributes. The correlations between 
our metrics and the Grambank metrics are not significant (Figure 5(a)). We note also that Ç&R’s MFH also does not 
correlate significantly with either of the two Grambank metrics.

The lack of correlation between the two Grambank metrics and the corpus-based metrics points to a sys-
tematic divergence between corpus-based estimates of morphological behaviour and measures derived from the

Figure 4: Scatterplot matrices comparing two of our custom morpho-surprisal metrics and Çöltekin and Rama’s (2023) mean feature 
entropy (MFH), type–token ratio (TTR), and the total number of feature categories. (a) All datasets. (b) PUD datasets only.
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descriptions of the grammatical system, suggesting that realized patterns of marking in usage are not straight-
forwardly predictable from the presence of grammatical rules alone.

5 Limitations

5.1 Dummy feature assignment at the UPOS level

Because a lack of marking can carry morphological information, we assign “dummy” features to tokens of the 
same aggregation level (UPOS or lemma) based on certain rules. Unfortunately, when aggregating at the UPOS 
level this can lead to dummy features being assigned to tokens that intuitively ought not receive them. That is 
because UPOS are broad categories: different subclasses of token within the same part of speech may be asso-
ciated with different features. In such a case our method assigns to all members of one subgroup dummy values of 
features that belong properly to another.

For example, tokens representing the word the in the corpus English-GENTLE get the following feature values 
when grouped by UPOS and considering core features only:
– Definite=Def
– Degree=unassigned
– Number=unassigned
– Polarity=unassigned
– PronType=Art

“Def” and “Art” mark the as the definite article. But it seems odd to describe the as carrying information about 
Polarity. The tokens receive this dummy feature assignment (Polarity=unassigned) because another token of the 
same UPOS (DET) carries this feature. In this case, it is specifically the word no which has a value for Polarity 
(“Neg”). Since some determiners are explicitly marked for polarity and others are not, in order to quantify the 
amount of information conveyed about polarity on encountering a determiner we capture the distinction with a 
dummy feature value. One can argue that UPOS DET is too broad a category, that it ought to be broken down into

Figure 5: Scatterplot matrices comparing two of our custom morpho-surprisal metrics with two Grambank metrics, MFH and other general 
metrics. The metrics are aggregated over language rather than UD-dataset  .. (a) All datasets. (b) PUD datasets only.
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smaller subclasses with distinct morphological behaviour. Unfortunately, no such categorization is available 
across UD datasets.

The good news is that the information quantity contributed to the by Polarity is very small. Vastly more 
determiners have “unassigned” than “Neg” for Polarity (1165 vs. 35). All these non-marking determiners therefore 
see a very small informational contribution: it is unsurprising when you encounter a determiner without 
Polarity. When no is encountered, the negative Polarity is much more surprising and contributes more signifi- 
cantly to that token’s information quantity.

We have made no attempt to correct what might be seen as “mistakes” in tagging of morphological features in 
the treebanks themselves: we have only established a workflow designed to estimate morphological information 
quantities given reasonable groupings. The approach to measuring information in morphology suggested in this 
paper can be applied to other datasets besides UD. We provide R code with generalized functions in supple-
mentary material and guidance in Appendix A.2.1.

Dummy feature assignment can lead to unintuitive attribution of morphological features to tokens. Our view 
is that information can be carried by the absence of morphological marking and that it is relevant to standardize 
within groups (UPOS or lemma) – this is what dummy assignment is designed to address. Cases where this can be 
problematic include situations where not all morphological features are strictly relevant for all tokens of the same 
UPOS or lemma. For our study, we saw it as necessary to differentiate in some way between groups of tokens, 
instead of treating them all as one big group. The systematic groupings that were most readily available to us in a 
consistent format across UD datasets were UPOS and lemma. As there are fewer unique UPOS tags than lemmas, 
the issues discussed above are less of a concern when the aggregation level is set to lemma. We note however that 
the morpho-surprisal scores when aggregating over UPOS and lemma are strongly correlated, suggesting that this 
issue is not a major concern.

In addition, we carried out an experimental sensitivity analysis defining a new aggregation level: groups of 
tokens within the same UPOS which are consistently marked for the same feature categories. We call these groups 
“subclasses” and this approach avoids the issue with dummy feature values altogether. The results strongly 
correlate with the other metrics (≥0.74 * ), especially with the metrics that are aggregated over UPOS. This suggests 
that the effect of dummy values is not detrimental. For more details, see Appendix C.1.2.1.

We recognize that other solutions exists, such as making use of other datasets besides UD. We leave to future 
work the possibility of estimating morphological information aggregating in other ways.

5.2 Artificial lemmas

Some UD datasets have a sizeable proportion of missing lemmas. This becomes problematic for calculating the 
total number of unique lemmas, LTR, and four of our custom morpho-surprisal metrics which use lemma as the 
aggregation level.

We ameliorate this problem in two ways, both of which can affect comparability. First, we simply omit those 
six metrics for datasets with more than 40 % missing lemmas (e.g., Thai-PUD, English-GUMReddit, and Faroese-
FarPaHC). Second, for the datasets with less than 40 % missing lemmas we impute missing lemmas with the token 
value (plus underscore UPOS, as with all other lemmas). We chose this threshold because there is a jump from 

32 % to 58 % missing lemmas across the datasets in question. Manual inspection of a few datasets that remain 
suggests many of the tokens that lack lemmas are forms that do not inflect much or at all (e.g., Turkish adjectives). 
They may have been left out because the lemma would be considered identical to the token. We have made this 
assumption explicit by filling in the lemma with the token value, allowing us to calculate the six metrics on these 
datasets.

Both of these choices affect comparability. In the first case, we lose the ability to compare datasets with more 
than 40 % missing lemmas for all metrics. The power of statistical tests involving these metrics is therefore 
reduced. In the second case, we might be inadvertently adding lemmas to tokens in a suboptimal manner. This 
would skew both the number of lemmas, LTR, and our morpho-surprisal scores which aggregate over lemmas.
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Different decisions might reasonably be made here, but the aforementioned manual checks plus the relatively 
low level of missing lemmas in most datasets means that we would expect the impact of our procedure to be small.

5.3 Inconsistent annotation standards across corpora

The UD project provides central documentation guiding dataset annotation. At the same time, individual dataset 
contributors have freedom to provide additional annotation and vary implementation. We deal with the most 
significant issues of this kind by excluding some datasets from our analysis. For example, we exclude datasets 
such as Bavarian-MaiBaam that have no feature annotations at all. Our informational measure requires feature 
annotations to produce a meaningful result.

While we have removed certain symbols such as emojis from each dataset before the calculation step, we 
elected to leave in certain other symbols such as ampersands (&), hashes (#), and at-signs (@). Manual inspection 
of several datasets reveals that these symbols are typically used consistently within each treebank. For example, 
Finnish-TDT uses the hash character as a separator between the constituent parts of compound words. Such 
symbols could cause problems if they are used inconsistently, but we would estimate the effect on our results to 
be minor.

There are remaining differences that could negatively impact the comparability of our metric. For reasons of 
space we could not address these in the main text. They are discussed in detail in Appendix C.

6 Discussion and conclusion

We introduced a usage-based information-theoretic estimate of morphological complexity: mean token-level 
surprisal of morphological features. This metric can be construed eight different ways, aggregating over UPOS or 
lemma, all features or core features, and separating out features or concatenating them. Across the eight variants 
of our metric there are strong correlations, indicating that the analytical choices between variants have little 
impact. Our metrics correlate moderately to strongly with Ç&R’s MFH. One key difference is that our metric yields 
non-zero values for datasets with certain missing values (e.g., little morphology) and produces a larger range of 
values. Weak alignment with Grambank’s Fusion and Informativity most likely reflects a difference in target: 
usage distributions versus possibility space. Limitations include variation in UD annotation practices, artificial 
lemmas, and dummy feature assignment. We discuss these in Section 5 and Appendix C. We also note that the 
limited number of languages represented in UD makes historical or geographical interpretations limited 
(compared to, for example, WALS or Grambank).

In conclusion, morpho-surprisal offers a compact, usage-based estimate of information in morphology – one 
facet of morphological complexity.
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